
 

 

 
 

 

 

 

BRNO UNIVERSITY OF TECHNOLOGY 

VYSOKÉ UČENÍ TECHNICKÉ V BRNĚ  
 

 

FACULTY OF ELECTRICAL ENGINEERING AND 
COMMUNICATION  

FAKULTA ELEKTROTECHNIKY 
A KOMUNIKAČNÍCH TECHNOLOGIÍ 
 

 

DEPARTMENT OF BIOMEDICAL ENGINEERING  

ÚSTAV BIOMEDICÍNSKÉHO INŽENÝRSTVÍ  
 

 

 

 

 

 

METHODS FOR COMPARATIVE ANALYSIS OF 
METAGENOMIC DATA 

METODY PRO KOMPARATIVNÍ ANALÝZU METAGENOMICKÝCH DAT 

 

 

 

DOCTORAL THESIS  

DIZERTAČNÍ PRÁCE  
 

AUTHOR  

AUTOR PRÁCE 

 

Mgr. Ing. Karel Sedlář 

SUPERVIZOR 

ŠKOLITEL 

 

prof. Ing. Ivo Provazník, Ph.D. 

BRNO 2018 
  



 

 

ABSTRACT 

Modern research in environmental microbiology utilizes genomic data, especially sequencing of 

DNA, to describe microbial communities. The field studying all genetic material present in 

an environmental sample is referred to as metagenomics. This doctoral thesis deals with 

metagenomics from the perspective of bioinformatics that is unreplaceable during the data 

processing. In the theoretical part of this thesis, two different approaches of metagenomics are 

described including their main principles and weaknesses. The first approach, based on targeted 

sequencing, is a well-established field with a wide range of bioinformatics techniques. Yet, 

methods for comparison of samples from several environments can be highly improved. 

The approach introduced in this thesis uses unique transformation of data into a bipartite graph, 

where one partition is formed by taxa, while the other by samples or environments. Such a graph 

fully reflects qualitative as well as quantitative aspect of analyzed microbial networks. It allows 

a massive data reduction to provide human comprehensible visualization without affecting 

the automatic community detection that can found clusters of similar samples and their typical 

microbes. The second approach utilizes whole metagenome shotgun sequencing. This strategy is 

newer and the corresponding bioinformatics techniques are less developed. The main challenge 

lies in fast clustering of sequences, in metagenomics referred to as binning. The method 

introduced in this thesis utilizes a genomic signal processing approach. By thorough analysis of 

redundancy of genetic information stored in genomic signals, a unique technique was proposed. 

The technique utilizes transformation of character sequences into several variants of phase 

signals. Moreover, it is able to directly process nanopore sequencing data in the form of a native 

current signal. 
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metagenomics; targeted sequencing; shotgun sequencing; bipartite graph; microbial network; 

binning; genomic signal processing 

  



 

 

ABSTRAKT 

Moderní výzkum v environmentální mikrobiologii využívá k popisu mikrobiálních komunit 

genomická data, především sekvenaci DNA. Oblast, která zkoumá veškerý genetický materiál 

přítomný v environmentálním vzorku, se nazývá metagenomika. Tato doktorská práce se zabývá 

metagenomikou z pohledu bioinformatiky, která je nenahraditelná při výpočetním zpracování dat. 

V teoretické části práce jsou popsány dva základní přístupy metagenomiky, včetně jejich 

základních principů a slabin. První přístup, založený na cíleném sekvenování, je dobře 

rozpracovanou oblastí s velkou řadou bioinformatických technik. Přesto mohou být metody pro 

porovnávání vzorků z několika prostředí podstatně vylepšeny. Přístup představený v této práci 

používá unikátní transformaci dat do podoby bipartitního grafu, kde je jedna partita tvořena 

taxony a druhá vzorky, případně různými prostředími. Takový graf plně reflektuje kvalitativní 

i kvantitativní složení analyzované mikrobiální sítě. Umožňuje masivní redukci dat pro 

jednoduché vizualizace bez negativních vlivů na automatickou detekci komunit, která dokáže 

odhalit shluky podobných vzorků a jejich typických mikrobů. Druhý přístup využívá sekvenace 

celého metagenomu. Tato strategie je novější a příslušející bioinformatické nástroje jsou méně 

propracované. Hlavní výzvou přitom zůstává rychlá klasifikace sekvencí, v metagenomice 

označovaná jako „binning“. Metoda představená v této práci využívá přístupu zpracování 

genomických signálů. Tato unikátní metodologie byla navržena na základě podrobné analýzy 

redundance genetické informace uložené v genomických signálech. Využívá transformace 

znakových sekvencí do několika variant fázových signálů. Navíc umožňuje přímé zpracování dat 

ze sekvenace nanopórem v podobě nativních proudových signálů. 

KLÍČOVÁ SLOVA 

metagenomika; cílené sekvenování; shotgun sekvenování; bipartitní graf; mikrobiální síť; 

binning; zpracování genomických signálů 
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INTRODUCTION 

Even though the microbial organisms are not visible to the naked eye, we meet them on every 

step of our way as they are present everywhere. They live in soil, water, air, on a surface of trees, 

fruits or any thinkable habitats including human-made things like doorknobs etc. They even live 

on and within the bodies of higher eukaryotic organisms, including humans, and form large 

communities. The first detection of a microorganism dates back in 1665 when Robert Hooke 

observed mold spores. The discovery of bacteria is, however, credited to Antoni van 

Leeuwenhoek several years later. Since then, many particular discoveries within the microbial 

universe were made, yet, there is much more to be discovered. An important milestone can be 

seen in the work of Martinus Beijerinck, who laid a foundation to environmental microbiology 

by studying microbial communities in their natural habitats. The real breakthrough was, however, 

the discovery of DNA and DNA sequencing techniques, which allowed to study microbial 

communities much more efficiently than by use of microscopy and lab cultivation and which 

allowed a new field of metagenomics to be formed more than three centuries after the first 

observation of a microbe. 

During the decades, our view of microbes has changed a lot. The first classification of 

bacteria, proposed by Ferdinand Cohn, is still in use nowadays. However, it says nothing about 

their purpose as it only rates the morphological signs. The first to come with the suspicion that 

microbes can be originators of illness was Louis Pasteur, who also proposed a sterilization 

technique by use of heat to destroy bacteria. His suspicions were finally confirmed by Robert 

Koch, whose postulates helped to determine the originator of an illness. Later, other kinds of 

infectious agents were identified, as the viruses were discovered. Although several positives of 

using microbes for industrial purposes could be found in bacteria used for biorefinery or yeasts 

in the food industry, during a relatively long period, microbes were mostly believed to have 

negative impacts as food degradation or health issues. What brought a massive turnaround that 

we are experiencing today when microbes are used to improve a human health and are used as 

a part of foodstuffs? The answer can be found in the booming field of metagenomics, which has 

already helped to identify microbial communities that are beneficial to human or animal health. 

Still, there are much more relations to be discovered. 

Current development of DNA sequencing techniques is enormous. As the price is getting 

lower, genomic data are becoming widely used in various disciplines and fields such as 

microbiology, biotechnology, medicine or veterinary medicine. As the output of sequencing is 

also getting higher, the sequencing of whole communities of microorganism is becoming very 

popular. All the genetic material of these individual organisms within an environment forms 

a metagenome. Particular genomes that usually constitute a metagenome are those of prokaryotic 

organisms, e.g. microbiota in soil, as well as viruses or lower eukaryotes, e.g. fungi in lungs. 

The use of sequencing, therefore, opens the possibility to study microbial communities in much 

more detail than microscopy as the data output is much higher. On the other hand, this high 

amount of data has to be processed efficiently, which is the main task of bioinformatics. 

A constant pressure on development of novel bioinformatics tools is therefore evident. 

There are two main ways to study microbial communities by the means of metagenomics. 

They can be distinguished on the basis of a sequencing approach used to produce the data. 
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The first way is based on amplicon sequencing of a target gene in the metagenome. Such 

an approach cannot describe the whole metagenome omitting all the genes, except for the target 

gene, it contains. On the other hand, it provides an easy way to perform powerful qualitative as 

well as quantitative analysis of a microbial community by identifying particular taxa while 

comparing the sequenced genes with a database and by getting the abundance of a taxon while 

counting copies of the target gene belonging to a taxon. The second way relies on a whole 

metagenome shotgun sequencing, which allows it to provide a full analysis of a metagenome, 

including genes and pathways it contains. However, the data processing is much more 

complicated. 

In this thesis, I am describing the assumptions and expectations of using both of these 

metagenomic ways, aiming primarily on the bioinformatics approaches and tools and I am 

presenting improvements and novel techniques in places I found the current tools to be weak. 

While the preprocessing of amplicon sequencing data is highly automated, techniques for 

comparison of microbial communities from different habitats and data interpretation are 

underdeveloped. The technique proposed in this thesis utilizes bipartite graphs. As demonstrated 

in the thesis, the tool that is nowadays mostly used for analysis of social networks has 

advantageous properties also for analysis of microbial communities. Not only brings this 

technique the possibility to reduce the dimensionality of the data without affecting the result of 

automatic clustering by community detection but it also provides a powerful tool for data 

visualization that is unreplaceable in data interpretation. On the contrary, the field of processing 

whole metagenome shotgun data lacks techniques for automatic data clustering and 

dimensionality reduction. It mostly uses stochastic transformations to be able to process large 

datasets of sequences. Unlike the current tools, the solution presented in this thesis is based on 

genomic signal processing – the relatively novel field of bioinformatics that was already proved 

to be suitable for fast sequence alignment and comparison. By application of genomic signal 

processing, a completely new, deterministic, and very fast transformation of the metagenomic 

datasets could have been proposed. It allows following comparative analysis by automatic 

clustering as well as human comprehensible visualization for data inspection. 
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1 METAGENOMICS 

Metagenomics is closely related to environmental microbiology, the scientific discipline that is 

more than one hundred years old; yet, the term ‘metagenomics’ was only introduced by 

Handelsman et al. [1] in 1998. Its principle lies in studying all genetic material present in 

an environmental sample without the need for cultivation. As it has been shown, by sequencing 

of cultivated samples obtained from an environment, a microbial diversity tends to be 

considerably underestimated as the majority (>99%) of organisms cannot be cultivated by 

standard techniques [2]. 

1.1 Metagenomic studies 

During several years, many previously undescribed microorganisms have been discovered by 

direct isolation of genetic material from their natural habitat and metagenomics, in addition to 

microbiology, has also been used in other disciplines and fields such as medicine, veterinary 

medicine, food industry, ecology or biotechnology [3]. The wide usage of metagenomics can be 

supported by the estimation of the total number of microbial cells on Earth, which is 1030, formed 

mainly by 106 to 108 separate prokaryotic genospecies [4]. Although the myth claiming that our 

bodies contain 10 more times bacterial cells than human own cell was busted in 2016, bacteria 

form still a substantial part of our bodies when the average man is believed to carry 3.8∙1013 

bacterial cells, which is roughly the same as the total number of human cells [5]. Therefore, 

the influence of bacteria on human health is being discussed broadly. While many studies aim at 

gut microbiota composition and its influence on human health [6, 7], also other metagenomes as 

those in bronchial tracts are being studied [8]. Even though the majority of bacteria are harmless 

or rather beneficial to a human body, metagenomic approach is also being used to study harmful 

microbes, e.g. those carrying antibiotic resistance genes [9]. In veterinary medicine, 

metagenomics helps to reveal spreading genes of antibiotic resistance [10] or to prevent economic 

losses by studying effects of feeding [11] or housing [12] on microbiota composition of farm 

animals. Applications in ecology usually consist of studying microbial communities in soil or 

water [13] and biotechnology uses metagenomics to reveal properties of microbial communities 

utilizable in industry, e.g. biodegradation [14]. 

A rapid development of DNA sequencing techniques substantially changes the way 

the metagenomic studies are carried out. Constant improvement of lab techniques puts pressure 

on the development of increasingly powerful bioinformatics tools. Those tools are in 

metagenomic research unreplaceable, as the main challenge has moved along from the data 

collection to the data analysis. Advances in DNA sequencing caused an immense increase in data 

volume being processed during a typical metagenome study [15]. Instead of kilobytes and 

megabytes, a common study starts with gigabytes or even terabytes of raw data. Later, during 

the data evaluation, datasets are being reduced continuously, ending up in tables of organisms or 

genes that are human comprehensible and ready to be interpreted. However, such a massive 

reduction has to be done rigorously, without any negative effects on the final results of 

the analysis. This is the reason for the rising importance of bioinformaticians being involved in 

complex metagenomic studies that require the multidisciplinary cooperation of several 

researchers from different fields. 
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1.1.1 Metagenomic approaches 

Cultivation of microbes on selective plates allows us to study complete genomes of various 

species but only for a limited number of organisms, as the majority of them living in a natural 

environment are uncultivable. To prevent this loss of diversity, a direct sequencing of 

environmental samples without prior in vitro cultivation is applied for metagenomic 

purposes [16]. 

Two different sequencing strategies can be used [17]. If the main goal is only to 

taxonomically describe the microbial community, amplicon sequencing of selected gene, so 

called targeted sequencing, is usually used. Although this approach only allows to determine 

species, or rather only genera in a sample without any information of their genomes, the data 

handling is easier and for many applications in microbial studies is such a result sufficient [18]. 

On the contrary, the second approach allows to study whole genomes of organisms present in 

a sample while the data processing is much more complicated. This approach is based on whole 

metagenome shotgun sequencing (WMS) [19]. The principle of these approaches is summarized 

in Fig. 1.1. 

 

Fig. 1.1 – Two approaches of studying the microbiota 

Culture independent methods for characterization of microbial communities are based 

on direct sequencing of isolated DNA to prevent loss of diversity by cultivation. 

Targeted sequencing captures all organisms in a sample, whole metagenome 

sequencing provides also information about the functional and metabolic potential of 

the community. 

Studies utilizing the targeted sequencing approach usually aim at description of bacterial 

communities present in various habitats. The gene for 16S rRNA is usually used as the target gene 

in this case. Exceptional features of this gene had already been determined before the whole field 

of metagenomics was established. In 1977, Woese and Fox [21] used this gene to describe 

phylogenetic relations among bacteria and proposed the division of organisms into three domains: 

Bacteria, Archaea, and Eukaryota. Not only helps the 16S rRNA gene based analysis to describe 

bacterial communities, but it is also applicable to archaeal or fungal metagenomics [23] making 

it the most versatile target gene for metagenomics. Yet, its ability to distinguish two species is not 

almighty and other target sequences as rRNA internal transcribed spacer (ITS) regions are 

used [25] as more suitable barcode sequence for fungi [27]. 
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Sequencing of a target gene itself says only a little about a metagenome, which contains 

millions of particular genomes with billions of particular genes. To cover this huge system at least 

partly, WMS sequencing has to be used [29]. Even though the high sequencing coverage for 

the analysis of full functional and metabolic potential of a community is needed, with modern 

sequencing technologies, this premise is relatively easy to fulfill, at least for bacterial 

communities [83]. With relatively low diversity and high coverage, it is even possible to fully 

assemble genomes of dominant species, mostly by mapping the reads to the most related organism 

with already available genome sequence [32]. Therefore, this technique fully opens the door for 

revealing the genomes of uncultivable organisms. 

1.1.2 Biomes of different life forms 

Although the ideal bioinformatics tools should work for any sequence regardless its origin, 

the differences in DNA between different domains of life cause many tools to be specialized for 

a specific subset of sequences. This pays twice for tools utilizing genomic signal processing 

(GSP), because signals of organisms from different domains have different properties [116]. This 

is evident from as simple tools as those for prediction of replication origin in prokaryotic genomes 

based on Z-curve [35] signal representation. Ori-Finder [37] and Ori-Finder 2 [39] are needed for 

replication origin (OriC) prediction in bacterial and archaeal genomes, respectively. Moreover, 

contamination of DNA from a different domain may be undesirable and such sequences have to 

be removed. Therefore, we will briefly discuss the differences between groups of organisms. 

Viruses 

Viruses do not form a domain of life since they are non-cellular organisms, yet they play 

an important role in metagenomics. According to estimations, there are 1031 viruses on Earth, 

mostly phages that infect bacteria. They form diverse communities and metagenomics proved 

them to move between microbiomes [41]. Virology is therefore considered to be a whole sub-

specialty of microbiology. Viruses can replicate only within the host cell and need to be handled 

according to specialized lab protocols to generate viral metagenomes without cells 

contamination [43]. On the contrary, viruses may stand as undesirable contamination in datasets 

aimed at other biomes than viromes. Such contamination is rather removed in silico by 

bioinformatics tools [45]. A special care needs to be paid to phage sequences incorporated into 

genomes of hosts that are a possible source of misassemblies. 

Bacteria 

Bacteria belong to the first of two domains with a prokaryotic cell. However, they form 

an independent group of organisms [21] with DNA different from the second group of 

prokaryotes ‒ archaea. Bacterial metagenomes are the most explored ones. This is caused by 

extraordinary species richness of bacteria and by their influence on human health. A thorough 

description of the human microbiomes is the result of Human Microbiome Project (HMP) 

initiative run by National Institutes of Health (NIH) [47]. A majority of bacterial genomes are 

formed by coding regions; they cover 88 % of the genome on average [83]. However, 

the differences between different species can be enormous, for example average GC content 

varies from 18 % to 85 % and the difference in the length of a chromosome can be also excessive, 

from the smallest genome of Nasuia deltocephalinicola [49] containing only 112,091 bp to 

Sorangium cellulosum [51] with 14,782,125 bp long genome. Moreover, this interspecies 

diversity is supplemented by high intraspecies diversity that was observed among different 
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genomes of Escherichia coli for the first time [53]. All of these differences are utilizable for 

classification of sequences, in metagenomics usually referred to as binning, into groups of related 

organisms. 

For purposes of descriptive microbial studies based on targeted sequencing, a common 

feature among bacteria has to be used. This is the reason for utilizing 16S rRNA gene that is 

present in all bacterial species, yet it contains differences utilizable for classification of sequences. 

The gene consists of conservative and hypervariable regions that allow utilization of versatile 

primers and contains enough information for determining the diversity, respectively [55]. 

The structure of the gene and proposal of primers covering at least two variable regions according 

to Nossa et al. [57] are shown in Fig. 1.2. 

 

Fig. 1.2 – 16S rRNA gene structure and possible primers 

A schematic figure of 16S rRNA gene with nine variable regions marked as V1 – V9. 

Arrows show forward and reverse primers covering at least two variable regions 

proposed by Nossa et al. [57]. The number within the arrows determine mapping 

position on E. coli 16S rRNA gene. 

Because of the abovementioned reasons, a majority of bioinformatics tools for 

metagenomics are primarily meant for bacterial datasets processing; so are the methods 

mentioned in this thesis, if not stated otherwise. 

Archaea 

Although archaea share a prokaryotic cell with bacteria, some differences can be found. Their 

membrane does not contain peptidoglycan and they contain histones. In general, they are 

phylogenetically closer to eukaryotes. Targeted 16S rRNA studies are able to detect archaea, but 

they are several times less abundant than bacteria, for example, they form less than 1 % of human 

gut microbiome [59]. On the other hand, WMS approach can lead to the discovery of novel 

archaeal genomes [61]. 

Eukaryotes 

The domain of eukaryotes plays a dual role in metagenomics. The first of them is played by 

unicellular eukaryotes, e.g. fungi, that include microorganisms such as yeasts, which form a part 

of a microbiome in soil and other habitats. For purposes of descriptive microbial studies, ITS 

regions are usually used for fungal identification [27]. In combination with WMS approach, also 

functional attributes of fungal communities are studied [63]. The data processing from the view 

of bioinformatics is similar to other biomes, yet, in some aspects more complicated. Identification 

of eukaryotes in targeted metagenomics is the same, only different reference database is 

employed. On the other hand, sequence assembly and binning in WMS application are more 

difficult as eukaryotic genomes are divided into chromosomes in several sets. Moreover, ploidy 

of eukaryotes in a metagenome can be unknown and different copies of chromosomes are always 



14 

 

slightly divergent [65]. Some human pathogenic fungi were also proved to change the ploidy to 

adapt the environment [67], which makes it harder to determine the abundance of different 

species. 

Higher eukaryotes play the second role while hosting various biomes. The most studied 

host is a human being for obvious reasons. The HMP initiative aims at metagenomes that are 

associated with both, healthy and diseased individuals. A special attention is paid to five body 

sites: gut, oral, vaginal, skin, and lung. Among them, the gut metagenome is the most commonly 

described one and correlations among its composition and condition of a host are broadly 

discussed [45, 46]. It usually requires a combination of both sequencing approaches and 

utilization of various bioinformatics tools and databases to find such relations. Not only is this 

task matter of human medicine, it also helps in veterinary medicine and ecology to prevent 

economical losses in farming. Nevertheless, host DNA in WMS datasets in this type of studies 

represents unwanted contamination and has to be removed. The removal is usually simple as 

a majority of typical host genomes have been already sequenced and the complete reference 

database is therefore available. 

1.1.3 Sequencing platforms 

The rapid development in metagenomics is closely associated with huge progress in DNA 

sequencing over the past few years. The succession of next generation sequencing (NGS) has 

shifted the challenge of metagenomic research from data collection to processing an immense 

volume of data. Moreover, the advent of third generation sequencing (TGS) means another huge 

step in metagenomics allowing easier sequence assembly, binning, and overall data 

description [73, 75]. It is no wonder that thousands of metagenomic studies are being conducted 

annually in comparison to only two studies published in 2006 [77]. In addition, the reference 

databases are much larger. For example, GenBank database under National Centre for 

Biotechnology Information (NCBI), which covered only 300 prokaryotic genomes in 2006, 

currently contains more than 100,000 prokaryotic genomes [79]. 

All the sequencing platforms can be divided into three generations. The data that 

the particular generations produce differ substantially, so do the accompanying bioinformatics 

tools. Therefore, we will discuss briefly all the generations of sequencing and the main differences 

between them in terms of bioinformatics data processing. 

First generation sequencing 

The very beginnings of sequencing are connected with two sequencing methods – Maxam-

Gilbert [81] and Sanger [84], both presented in 1977. Only the latter method was transformed into 

commercially available automated platform thanks to the utilization of capillary electrophoresis. 

Yet, the utilization of Sanger sequencing in metagenomics is very limited and the platform was 

used only for several initial studies. Although the first generation sequencing had the indisputable 

advantage in the length of reads that was able to cover almost the whole 16S rRNA gene, 

the preparation for sequencing was extremely time-consuming [85]. It included amplification of 

the gene, its cloning into vectors and transformation into E. coli, manual picking of colonies and 

purification of plasmids. On the other hand, the data processing was easier for the low overall 

output of the sequencing and no specialized bioinformatics tools were needed. Any Basic Local 

Alignment Search Tool (BLAST) [87] like algorithm could be easily used for identification of 

only several hundreds of sequences produced by the platform. 
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Next generation sequencing 

The real breakthrough in metagenomics was coupled with the emergence of NGS, firstly 

represented by Roche 454 pyrosequencing platform introduced in 2005 [89]. The pyrosequencing 

allowed direct sequencing of amplified sequences at substantially lower costs. Although the reads 

were shorter than for Sanger sequencing, 500 bp was still enough to cover at least two 

hypervariable regions of the 16S rRNA gene and the platform became widely used for targeted 

sequencing metagenomics until its end in 2016 when it became noncompetitive and Roche ceased 

to support the platform any longer. The overall output of massively parallel pyrosequencing could 

had been counted in hundreds of thousands of sequences. Such a huge amount of data could not 

had been processed neither manually nor by standard bioinformatics techniques proposed for 

genomics and the whole new field of bioinformatics optimized for metagenomic data processing 

started to develop. 

There are two main NGS platforms used for metagenomics nowadays. Ion Torrent 

represents a platform producing data with similar characteristics to Roche 454, but for a lower 

price. It is mainly used for targeted sequencing metagenomics [91]. A majority of metagenomic 

projects is, however, done using Illumina sequencing. Illumina platform offers several sequencing 

machines with low error rate and price of sequencing that is 10× lower than for pyrosequencing. 

Although Illumina produces shorter reads, it is able to read the DNA from either end and to 

connect these forward and reverse, also called pair-end (PE), reads into a single fragment. For 

example, Illumina MiSeq benchtop sequencing machine enables up to 15 Gb of output with 

25 million sequencing reads and 2 × 300 bp read lengths. Not only is the platform used in targeted 

sequencing metagenomic for the length of connected reads, it is also used in WMS approach for 

its high output and low price [93]. 

Altogether, NGS platforms typically produce a huge amount of short reads by massively 

parallel sequencing. Regardless their usage, for targeted sequencing or WMS metagenomics, 

bioinformatics tools designed for pyrosequencing or Ion Torrent work with Illumina data and vice 

versa. However, specialized settings reflecting specific platform and its characteristics (length of 

reads, single-end/pair-end reads, error rate, etc.) are usually needed. 

Third generation sequencing 

Completely new possibilities were brought to metagenomics by TGS with its extraordinary long 

reads. While NGS techniques have to amplify the DNA using PCR before sequencing, the third 

generation is typical for a single molecule sequencing approach allowing to produce reads 

exceeding 100,000 bp [95]. The generation is represented by two commercially available 

sequencing platforms: Pacific Biosciences (PacBio) Single Molecule Real Time (SMRT) 

sequencing and Oxford Nanopore Techniques (ONT) sequencing. Although the principle of these 

platforms is completely different, PacBio uses fluorescence detection in small sequencing units 

called zero mode waveguides (ZMW) [97] while ONT detects changes in electric current flowing 

through a nanopore [99], the data usage from bioinformatics point of view is the same. 

The advantage of long reads could be used for targeted metagenomics based on a comparison of 

whole 16S rRNA genes, however, the error rate of TGS is very high (up to 20%) [75]. Therefore, 

the main benefit can be found in WMS approach in direct binning of long reads without the need 

for prior assembly [46]. 
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1.2 Targeted sequencing studies 

In the following chapter, we will further discuss the particular steps for data handling that are 

typical for the metagenomic targeted sequencing approach. The use of amplicon sequencing for 

metagenomics has its specifics and a wide range of bioinformatics techniques, tools, or whole 

pipelines have been already proposed. The bioinformatics strategy for microbial studies can be 

divided into three main blocks as shown in Fig. 1.3. 

 

Fig. 1.3 – Bioinformatics strategy for targeted sequencing 

The whole strategy contains three main blocks. Data preprocessing is similar to other 

amplicon sequencing projects but remaining blocks are highly specialized for 

microbial studies. 

The whole strategy starts with a standard preprocessing of sequenced amplicon. 

The nature of this step lies in removal of unwanted parts of sequences, e.g. sequencing adapters 

or barcoding sequences used to distinguish particular samples. Naturally, only after the sequences 

are categorized in a process called demultiplexing. After a low quality sequences are filtered out, 

a specialized step of clustering is necessary. Sequences are sorted into Operational Taxonomic 

Units (OTUs), representing groups of related organisms. Finally, diversity analysis can be 

performed and after dimensionality reduction, microbiomes can be visualized in various ways. 
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1.2.1 Data preprocessing 

The first steps in targeted sequencing metagenomics data processing are the same as for any other 

NGS application and are usually automated. Nevertheless, a brief summary will help us to better 

understand the following steps. 

Adapter trimming 

Sequencing adapters (also called adaptors) are short oligonucleotides that are ligated to DNA 

being sequenced during library preparation, which is a lab sample preparation process allowing 

the isolated DNA to be read by a sequencing machine. There is a wide range of protocols for 

library preparation optimized for different sequencing platforms, habitats or targeted 

microbes [102, 104, 106]. Although the library preparation is highly important and can affect the 

result of a microbial study a lot, its further description is beyond the scope of this thesis that aims 

at in silico techniques for data handling. 

While the adapter ligated at 5’ end of the fragment being sequenced precedes the read 

section, the adapter at 3’ end will appear at the end of a read if a fragment of DNA is shorter than 

the length of a read. Since the adapter is synthetic sequence, it complicates the taxonomic 

identification of the read and has to be removed so that only amplicon sequence would remain, 

see Fig. 1.4. Nowadays, sequences of adapters are usually removed automatically after 

basecalling. Possibly, adapters are known and can be identified during a standard quality 

assessment procedure. FastQC can provide a basic overview of data including adapter content 

and statistics for all sample can be summarized into interactive html report using MultiQC [108]. 

A collection of tools for NGS data processing can perform adapter trimming (also called clipping). 

There are more than 50 of them listed at OMIC tools in adapter trimming category 

(www.omictools.com/adapter-trimming-category). The tools are usually not specialized only for 

adapter trimming but serve as versatile applications for whole data preprocessing including 

demultiplexing and overall quality trimming. Some of them, e.g. Trimmomatic [110], are 

specialized for Illumina pair-end data handling, which is nowadays the most widely used platform 

for descriptive microbial studies.  

 

Fig. 1.4 – A scheme of targeted fragment being sequenced 

Sequencing adapters discriminate amplicons and are an artificial sequence. Usually, 

only one amplicon containing several samples marked with tags (barcodes) is 

sequenced in a single run. 

http://www.omictools.com/adapter-trimming-category
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Demultiplexing 

Common sequencing of several samples, so called multiplexing, is frequently used for financial 

and timesaving purposes in high throughput sequencing (HTS). Several samples are combined 

into a single mixture that is sequenced at once. A barcode sequence is added to every DNA 

fragment to distinguish between sequences belonging to different samples. This short artificial 

oligonucleotide, also called tag or multiplex identifier (MID), is ligated between adapter and 

sequenced fragment [112]. Therefore, every amplicon begins and ends with a tag. Using forward 

and reverse barcode sequences, it is possible for n tags to distinguish between n2 samples, e.g. with 

four different tags, 16 different samples can be identified in the sequencing run, which is able to 

read whole amplicon. Multiplexing can also influence the whole study and utilization of 

optimized protocols is needed [114]. 

Demultiplexing is a process in which reads are sorted into several files in a way that one 

file contains only reads belonging to the same sample. No specialized tools are required since any 

tool supporting regular expressions can be easily utilized for such data sorting. Moreover, 

a majority of abovementioned tools for adapter trimming can also perform demultiplexing. After 

reads are sorted into separate files, tags are losing their purpose and, as artificial sequences, they 

have to be trimmed for the same reason as sequencing adapters. Together with tags, also primer 

sequences are usually trimmed. Although they represent the natural DNA, see Fig. 1.4, they cover 

a conservative region that is the same for all reads. Therefore, they only increase 

the computational demands for reads identification in reference databases. 

Quality trimming and PE reads merging 

As for any HTS data preprocessing, quality assessment after each step of data handling is highly 

desirable. All sequences that do not meet the quality criteria are removed from further analyses 

in the process referred to as quality trimming, which evaluates a range of parameters, 

e.g. sequence lengths, minimum quality score, mismatches in barcode sequence, etc. No 

mismatch in the tag is usually required, but one mismatch in the primer sequence is allowed [30]. 

Despite the correctly identified barcodes, low quality sequences have to be removed. For data 

generated by automated sequencing the quality of bases identification, referred to as base-calling, 

can be quantified using Phred quality score [117, 119] defined as 

 𝑄 = −10 𝑙𝑜𝑔10𝑃, (1.1) 

where P is the base-calling error probability. For example, Phred Q20 is a default threshold for 

quality trimming of Illumina reads in Quantitative Insights Into Microbial Ecology (QIIME) [121] 

software, which is the most widely used tool for targeted metagenomic studies and which will be 

further described later. Logarithmic nature of Phred score means that Q20 corresponds to the 1% 

probability of base being called incorrectly. Accuracy requirements are therefore very high for 

amplicon sequencing based metagenomics. 

Chimeric sequences bring another kind of error to the analysis. Chimeras are hybrid 

products of PCR when multiple parent sequences are connected together. Even though reads of 

chimeric sequences are of high quality, they do not have the biological meaning and they are 

falsely interpreted as novel organisms during OTU picking. Therefore, they have to be identified 

and removed. Chimera Slayer [123] or UCHIME [125] are bioinformatics tools to prevent this 

kind of error in silico. 
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Roche 454 or Ion Torrent platforms produce reads that are usually able to cover whole 

amplicons from one end to another at once by single-end (SE) reading approach. Such reads can 

be processed directly. On the contrary, Illumina platform produce shorter reads but from both 

ends of an amplicon by pair-end reading approach. Those forward and reverse reads have to be 

merged in silico, usually before demultiplexing. However, the information of corresponding reads 

is stored in sequence header and read can be also merged after demultiplexing. Joining of PE 

reads is frequently available in data preprocessing tools, among them fastq-join and SeqPrep are 

available in QIIME pipeline [127].  

1.2.2 OTU picking 

The crucial step in targeted sequencing metagenomics comes after the sequences are 

demultiplexed and trimmed. During their clustering, referred to as OTU picking, Operational 

Taxonomic Units are being formed. An OTU represents a cluster of organisms grouped on the 

basis of their DNA similarity. Such a grouping allows recognition of known organism using 

a reference database, identification of novel organism, data quantification, and application of 

a wide range of statistical and analytical techniques for description of microbiomes. 

OTU picking strategies 

The purpose of forming particular OTUs is to identify all known and novel organisms in 

the sample. However, in practice, the achievement of this goal can be quite complicated. There 

are three main strategies for OTU picking – de novo, closed reference, and open reference 

clustering [20]. De novo clustering compares reads between themselves and forms OTUs based 

on their similarity. Closed reference clustering, on the contrary, compares reads with a reference 

database. New OTUs are formed from reads assigned to the same sequence in a database; 

unassigned reads are omitted from further processing. Open reference clustering combines both 

of these strategies. In the first step, reads are compared with a database; in the second, unassigned 

reads are clustered de novo. The principle of the strategies is outlined in Fig. 1.5. 

 

Fig. 1.5 – OTU picking strategies 

Computationally the most demanding de novo strategy clusters all sequences while 

computationally efficient closed reference clustering discards sequences that are 

unknown to a reference database. Open reference approach combines the advantages 

of both. 

De novo OTU picking is the only option for datasets of infrequently used target genes for 

which the reference sequence collection is highly incomplete or completely unavailable. Although 

all reads are always clustered, the nature of the strategy requires running the comparisons in serial. 
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Therefore, the strategy is unable to process large datasets containing millions of sequences. 

Moreover, de novo clustering is unable to compare data from studies utilizing non-overlapping 

amplicons, e.g. V2 and V4 regions of the 16S rRNA gene [130]. 

Closed reference OTU picking is the most suitable option for well-characterized 

environments and large datasets. Comparing reads with a reference database is fully parallelizable 

and the strategy is therefore able to process datasets containing millions of sequences in short 

time [131]. On the other hand, every read that does not hit a sequence in the reference collection 

is discarded from further analyses. While for the well-described human microbiome it is usually 

only up to 10% of reads, for an unusual environment more than 50% of reads are excluded from 

downstream analyses. For high quality reference databases covering several kinds of targeted 

sequence, datasets utilizing non-overlapping amplicons can be compared within the single study. 

Moreover, for identified organisms, already known and trusted taxonomy can be used for further 

analyses as some of the techniques require building a tree and taxonomy of OTUs. 

Open reference OTU picking is the youngest and the most preferred strategy in microbial 

studies. It combines both of previous strategies [130]. Although it cannot be used for non-

overlapping amplicons, all reads are clustered at the end of the OTU picking as reads that did not 

hit any sequence in the reference collection are clustered de novo. This can be still 

computationally challenging for microbiomes that lacks a quality reference database. 

Clustering algorithms 

The results of OTU picking do not depend only on a selected strategy but are also substantially 

influenced by a range of other parameters. Among them, clustering algorithm and the level of 

sequence similarity are the most important. As a default, 97% similarity is set. This value was 

proposed as the threshold for species delineation based on 16S rRNA gene similarity [22]. Since 

other target genes are used and the original threshold for 16S rRNA was later proposed to be 

99% [132], also other level of similarities are used. Moreover, these thresholds were proposed for 

the whole 16S rRNA gene, using only its parts as one or two of its variable regions allow reliable 

clustering only from the kingdom down to the genus level [133]. 

Clustering of huge amount of sequences that metagenomic datasets contain is impossible 

without an efficient algorithm. Using brute force approach is unthinkable, therefore, specialized 

algorithms faster than popular BLAST are being proposed for metagenomic applications ever 

since NGS data were used. 

For a relatively long time, the main role was played by cd-hit, an algorithm originally 

proposed for clustering of large protein databases [134], later modified also for fast clustering and 

comparing of large datasets of nucleotide sequences [135]. Although cd-hit compares all 

sequences with all given centroids, it is able to cluster and compare datasets containing millions 

of sequences hundreds of times faster than BLAST like algorithms. Cd-hit uses a filter of short 

words and tables of indexes to lower computational demands. In the first step, all sequences are 

sorted in descending order giving the highest priority to the longest sequences. As all the reads 

are usually of the same length, this step does not play any crucial role and the computational 

savings are caused by filter of short words. For a given threshold of similarity, sequences have to 

share at least one word of length x. For example, for 90% similarity, sequences have to contain at 

least one word of 10 bp. Sequences that do not meet this criterion are not aligned and compared. 
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Currently, the most widely utilized algorithm is UCLUST [136], which is also the default 

option in QIIME pipeline able to perform all of the three OTU picking strategies. UCLUST is 

greedy algorithm based on clustering to centroids. A random sequence from dataset is selected at 

the beginning to be the first centroid. Other sequences are compared to this centroid and if the 

condition of similarity is met, the sequence is added to the cluster. Otherwise, the sequence 

becomes another centroid. Aligning of every sequence to available centroids is computationally 

demanding process, therefore, UCLUST utilizes a specialized heuristic algorithm called 

USEARCH [136]. Instead of working with whole sequences, USEARCH uses locally sensitive 

hash function and compares two sequences locally by individual words, referred to as k-mers. 

Only several sequences sharing the most k-mers are selected for actual alignment. The main 

advantage of UCLUST is its speed and low computational demands. In comparison with cd-hit, 

USEARCH is able to cluster at lower identities thanks to improved sensitivity and to classify 

much larger datasets due to higher speed and lower memory usage. On the other hand, greedy 

approach brings also some disadvantages. The results of the clustering depend on the order of 

input sequences and not all of the sequences are compared to all centroids as the centroids are 

formed continuously during the processing of a dataset. This may lead to the sequence not being 

included in the correct cluster, although it is very similar to its centroid. Moreover, even 

the random selection of the first sequence being the first centroid may be misleading. 

Another algorithm for OTU picking suited for de novo strategy is implemented in 

mothur [137], which is a comprehensive software package for metagenomic data processing 

optimized for efficient computations using laptop computers. Actual clustering algorithm is not 

named and can be found wrapped in metagenomic pipelines simply as mothur. It works with 

matrix of distances that is clustered using basic clustering algorithms as single, complete, or 

average linkage. To be able to process large dataset with modest computing resources, sparse 

matrices representing only distances smaller than cutoff value are used. Additionally, only unique 

sequences are processed while information about the abundance of each unique sequence is 

preserved. Moreover, OTUs are defined for more than one cutoff value to bring possibility of 

comparing different definitions of OTUs. This approach had already been presented in 

DOTUR [138], software for defining OTUs and estimating their species richness. Although 

clustering itself using sparse matrix is efficient, mothur requires aligned sequences on the input 

to reconstruct the matrix, which is for larger datasets very problematic. 

The performance of abovementioned standard tools is now being questioned in 

comparison with modern algorithms for OTU picking as OTUCLUST, Swarm, SUMACLUST, 

and SortMeRNA that can significantly improve accuracy [139]. OTUCLUST [140] is de novo 

clustering algorithm implemented in MICCA pipeline for amplicon metagenomic datasets 

processing which uses greedy approach similar to UCLUST. Unlike the most widely used 

algorithm, OTUCLUST relies on exact sequence alignment to improve accuracy and to preserve 

diversity. The similar approach is also used in SUMACLUST [139], another de novo picking 

algorithm available as a standalone program or as a clustering option in QIIME pipeline. 

Swarm [141] is also suited for de novo clustering, but it uses two step clustering, which 

suppresses dependency on order of input sequences and usage of arbitrary global clustering 

thresholds. In the first step, a random sequence is selected as a seed. The algorithm then searches 

for sequences differing from the seed by the specified distance d. Every sequence meeting this 

condition is added to the cluster. In the next step, information about abundance structure of 
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particular clusters is used to divide them, if necessary. Current version Swarm v2 [142] uses d = 1 

allowing linear scalability of the computation time with increasing amount of input sequences. 

Disadvantage of the methods lies in the first phase, which presumes the individual clusters to have 

a large distance between themselves. 

SortMeRNA [143] is an algorithm for sorting RNA sequences, widely used for RNA-Seq 

data processing in transcriptomic studies, but can be also used for closed-reference OTU picking 

in amplicon metagenomics. SortMeRNA performs local alignment. The query sequence is added 

to a cluster of the sequence for which the E (expectancy) value is the lowest while sufficient 

identity and coverage between a query and a centroid is preserved. 

Although algorithms listed above are the most widely used, there are around 50 other 

tools listed at OMIC tools in prediction-based taxonomic classification tools category 

(https://omictools.com/taxonomy-independent-category). 

Reference databases 

The use of reference databases has become an important element of data analysis. Not only are 

databases used for sequence clustering in closed reference OTU picking but they also serve to 

assign taxonomy to OTUs formed by de novo strategy. Although large public databases, like 

GenBank, are growing rapidly, they may contain low quality data. Specialized metagenomic 

databases such as Greengenes, SILVA, or Ribosomal Database Project are therefore used to 

analyze 16S ribosomal RNA. Choosing a particular database should take into account its 

topicality and specialization. At the same time, if the study aims to compare the results to another 

study, it is necessary to consider whether the use of a different database will lead to distorted 

interpretation of the results. 

Greengenes [144] is a curated database dedicated to the whole archaeal and bacterial 

16S rRNA genes. In comparison with standard public databases, Greengenes provides 

a standardized set of descriptive fields, taxonomic assignment, and chimera screening. The data 

within the database were used for improving taxonomy to provide better infrastructure for large 

metagenomic studies [145]. Another comprehensive rRNA sequences resource is SILVA [146]. 

It provides users with quality controlled aligned rRNA sequences from all of the three domains 

of life. While the SILVA covers a database of high quality sequences of full or nearly full length, 

it also contains a database of all publicly available sequences longer than 300 bp. Moreover, it 

offers a variety of online services and extensively curated taxonomy [147]. The RDP (Ribosomal 

Database Project) [148] was the very first database of ribosome-related data, established already 

in 1997, a year before the term “metagenomics” was used for the first time. Although the database 

is old, it is not obsolete and it is being updated continuously [149]. Except for its original purposes 

for phylogenetics and nucleic acid chemistry, it is now widely used in metagenomics. In addition, 

this database also provides a set of its own tools that are available as open source packages. 

OTU table 

Once the taxonomy is assigned, a whole dataset can be transformed into an OTU table, a basic 

structure used for data representation in amplicon metagenomics. OTU table can be presented by 

a simple tab delimited text file (referred to as classic format table); a table in which every row 

represents a particular OTU and every column represents a particular sample, see Fig. 1.6. Values 

within the table stand for the abundance of an OTU in a sample. A number of reads assigned to 

https://omictools.com/taxonomy-independent-category
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the cluster gives the absolute abundance of the OTU. Relative values are often used as the total 

number of reads for different samples can be very contrasting. Such a structure can be easily 

imported into various statistical tools as Matlab, R, or Microsoft Excel for further processing, 

analysis and visualization. 

 

Fig. 1.6 – OTU table in classic format 

An example of OTU table shows absolute abundances of different genera. Possibly, 

whole taxonomic assignment can be stored in the first column from domain down to 

species level. Different taxonomic levels are separated by semicolon while the 

character before underscore denotes the level. Here, d_ stands for domain and g_ for 

genus. Note that wrapping of the text in a basic text editor depends on the length of 

the columns and seems to be misleading because corresponding columns are not 

aligned, therefore, OTU table in classic format are inconvenient to be directly 

inspected to the naked eye. 

The simplicity of storing data in a text file is also its main disadvantage for several 

reasons. OTU tables are very often sparse matrices with more than 90% of zero values; therefore, 

their memory footprint is unnecessarily large. This is not an issue for current datasets comprising 

of several samples but it will be problematic for future studies within the HMP project containing 

hundreds of thousands of samples. Moreover, lot of information about samples and OTUs is lost 

in a simple text format as any metadata are omitted. To overcome these issues, BIOM (Biological 

Observation Matrix) format was proposed [150]. It is an open format, already recognized by 

Python and R languages, to share metagenomic data between various pipelines supporting the 

format. In the current version 2.1, biom file is based on HDF5 standard, which is widely supported 

format with native parsers available within many programming languages. Current features and 

format specification are available at BIOM format website (http://biom-format.org/index.html) In 

bioinformatics, HDF5 files are becoming very popular nowadays when a wide range of metadata 

needs to be stored, e.g. FAST5 files for nanopore sequencing data. BIOM format can include 

information regarding samples, e.g. barcode sequences, primers, origin of samples, etc. Moreover, 

it can store more than one OTU metadata (results of taxonomic assignment) value. Therefore, it 

is possible to include taxonomic assignments based on various OTU picking strategies and 

algorithms to support future possibility of comparing OTU tables from different studies. 

1.2.3 Analysis of diversity and sequencing depth 

Once the data are transformed into OTU table, a novel knowledge can be gathered using a wide 

range of techniques for an analysis of diversity within a single environment or diversity between 

two environments, relations between community composition and environmental features, and 

phylogenetic relationships within a community. Possibly, tools primarily meant to analyze 

diversity can be used to verify the sufficiency of the sequencing depth. 

http://biom-format.org/index.html
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Basics of diversity analyses 

The first step in amplicon metagenomic data interpretation usually lies in an analysis of diversity. 

There are two basic types of diversity: α and β. Alpha diversity deals with species within a sample 

and tries to describe relationships of their co-occurrence, e.g. a number of species and their 

abundance. On the contrary, beta diversity tracks the differences in species composition among 

various samples, e.g. a number of shared species. The principles of these two basic kinds of 

diversity are shown in Fig. 1.7. 

 

Fig. 1.7 – Principles of diversity analysis 

Sample A contains four sequences of three different species; therefore, its alpha 

diversity is equal to three. Sample B contains eight sequences covering four different 

species; its alpha diversity is equal to four. Both samples share two different species, 

their beta diversity is equal to two. 

Indexes of diversity 

The simplest way to describe an OTU table can be found in indexes of diversity, which try to 

capture diversity with a single number. They can be understood as an analogy of descriptive 

statistics, e.g. mean, median, standard deviation etc. There is a wide range of various indexes [24]. 

While interpretation of some indexes is very similar and their common usage is redundant, 

combination of contrasting indexes can be highly informative for description of communities. 

The basic coefficients rate only a number of species. The very simplest of them is a number of 

taxa S in a sample. Unfortunately, such an index omits the main information value of an OTU 

table – abundance of taxa in samples. Therefore, sophisticated indexes, counting with abundances 

of taxa or rating the shape of curve describing abundance of cumulative number of species, are 

often used in metagenomics [151]. 

An example of index estimating only species richness can be found in Chao 1 [152]. This 

α diversity estimator tries to extrapolate the true number of species because the captured richness 

is influenced by sequencing coverage of a sample. Using the number of rare species, the richness 

can be estimated as:  

 𝑆1 = 𝑆𝑜𝑏𝑠 +
𝐹1

2

2𝐹2
, (1.2) 
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where Sobs represents a number of taxa in the sample, F1 is the number of singletons (the number 

of species with only a single occurrence in the sample), and F2 is the number of doubletons (the 

number of species with exactly two occurrences in the sample). 

More advanced indices count with evenness of the relative abundance of species, so called 

equitability, as well as species richness. Such indices are also referred to as indices based on 

species ratio and can be further divided into two groups: indices based on information theory and 

indices of dominance. The most widely used representative of the former group is Shannon 

index [153], in metagenomics also labeled as Shannon–Wiener or Shannon–Weaver index [154]. 

Its value corresponds to entropy concept defined as: 

 𝐻 = − ∑ 𝑝𝑖 ln 𝑝𝑖

𝑆

𝑖=1

          𝑝𝑖 =
𝑛𝑖

𝑁
 , (1.3) 

where S represents the overall number of taxa, ni is the number of reads assigned to the ith taxon 

and N is the number of all reads. Although the usage of ni /N as estimate of pi represents a biased 

estimate, no correction is needed for sufficiently large samples. 

Simpson index [155] is the most frequently used estimator among indices of dominance. 

It is heavily dependent on the most abundant species and less sensitive to rare species. Its values 

range from zero to one. While higher values indicates high dominance of a taxon, the lowering 

values indicate growing evenness of a sample. The calculation of its basic version is defined as: 

 𝐷 = ∑
𝑛𝑖(𝑛𝑖 − 1)

𝑁(𝑁 − 1)

𝑆

𝑖=1

 , (1.4) 

where S represents the overall number of taxa, ni is the number of reads assigned to the ith taxon 

and N is the number of all reads. 

Rarefaction 

 

Fig. 1.8 – Principles of rarefaction 

Although diversity of sample A is lower than diversity of sample B, the difference is 

highly influenced by different size of both samples. The simplest solution can be 

found in rarefaction of the larger sample to the size of the smaller, i.e. to four 

sequences. As a result, estimated diversity of the larger sample is lower than diversity 

of the smaller sample. 
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Not only reflects the estimated diversity the differences between samples, it also follows their 

size because the number of species is nonlinearly depending on the number of individuals within 

the sample [156]. In metagenomics, the size of a sample is conditional to the sequencing depth, 

which is different for particular samples even when the collection technique, library preparation 

procedure and other sequencing parameters are the same for all samples. The suitable solution 

can be found in standardizing samples of different size to the size of the smaller sample, referred 

to as rarefaction [157], see Fig. 1.8. 

An estimated number of OTUs in relation to the sequencing depth can be represented by 

a rarefaction curve. Each sample is randomly subsampled without replacement at different 

intervals and the average number of OTUs at each interval is plotted against the size of the 

subsample to reconstruct a rarefaction curve [158]. An estimation of species richness E(Sn) in 

a sample of n reads can be calculated as follows: 

 𝐸(𝑆𝑛) = ∑ [1 −
(𝑁−𝑁𝑖

𝑛
)

(𝑁
𝑛

)
] ,

𝑆

𝑖=1

 (1.5) 

where N is the overall number of reads in a sample, Ni represents the number of reads assigned to 

OTU i, and n is the number of reads for which the estimation is calculated. 

A range of software tools, including large metagenomic pipelines, can commonly create 

rarefaction curves to determine whether sequencing depth is sufficient. Only those samples for 

which a number of observed OTUs does not increase with sequencing depth can be taken to 

accurately characterize the microbial community as shown in Fig. 1.9. 

 

Fig. 1.9 – Rarefaction curves for analysis of sequencing depth 

Species richness in sample A is lower than in sample B because for a given sequencing 

depth, the number of observed OTUs in sample B is always higher. Sample A is 

covered by a sufficient amount of sequences as a number of observed OTUs does not 

increase with an increasing number of sequence on the right side of the curve A. 

Unfortunately, the sequencing depth for sample B is insufficient because the number 

of observed OTUs increases with the number of sequences along the whole curve B. 

To reliably analyze sequencing depth, compared samples should have similar species 

composition and collection techniques and sequencing procedure should be the same. Under no 

circumstances should the rarefaction curve be extrapolated over the sequencing depth of the most 

covered sample. 
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1.2.4 Simple visualization techniques 

Although microbial data are complex and multidimensional, their simple visualization is possible 

by a range of techniques. Efficient visualization method can help finding hidden bonds between 

microbiomes and is crucial in processing and interpretation of metagenomic datasets. There is 

almost an infinite variety of libraries and tools dedicated for data visualization in scripting 

languages like Python, R, Matlab, etc. or in software for statistical computing like SPSS or 

Statistica that can be used for microbial studies. Basic techniques for data visualization are 

commonly available also within pipelines dedicated for metagenomics. 

Heatmap of OTU abundances 

The very simplest way to visualize OTU table lies in its direct transformation into the form of 

a heatmap. An abundance of an OTU is coded by a color instead of reads amount to provide 

human comprehensible overview. However, scaling the absolute number of reads is cumbersome. 

Therefore, log transformation can be applied before a heatmap is created, as in study describing 

microbiome in methane oxidation by Hernandez et al. [26], shown in Fig. 1.10. Another advantage 

of a heatmap can be brought by utilization of biclustering. In a clustered heatmap, samples having 

the similar microbial composition as well as OTU having the similar occurrence in samples are 

stacked together. The overall layout of a map depends on clustering algorithms used for data 

arrangement. 

 

Fig. 1.10 – OTU table visualized as a heatmap by Hernandez et al. [26] 

The clustered heatmap shows selected OTUs in samples from Lake Washington. 

Hierarchical clustering using average linkage was utilized to reorganize the OTU 

table. 
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Although clustered heatmaps are widely used in amplicon metagenomics, its utilization 

for direct OTU table visualization in publication quality is rather rare for several reasons. 

A heatmap of a complete OTU table is too large, containing many uninformative areas as OTU 

tables are usually large sparse matrices. To provide informative maps, only selected OTUs with 

sufficient abundances are selected as shown in Fig. 1.10. On the other hand, this selection brings 

distortion to clustering of samples as majority of low abundance, yet unique, OTUs are omitted. 

Therefore, heatmaps of OTU tables are used primarily as a brief overview of taxa and their 

abundances after OTU picking within the metagenomic pipelines including QIIME. The main 

utilization of heatmaps in amplicon metagenomics lies in visualization of correlations, as we will 

discuss later. 

1D and 2D plots 

Even the simplest visual analysis may be very helpful in metagenomics to discover 

important trends. Selection of appropriate axes in scatter plot may serve as an example. 

Yatsunenko et al. [28] used scatter plot to visualize species richness in fecal microbiomes of 

several nationalities at different age, see Fig. 1.11. 

 

Fig. 1.11 – Species richness visualized in scatter plot by Yatsunenko et al. [28] 

The scatter plot shows numbers of observed OTUs in all subjects in relation to their 

age. Color-coding distinguishes among different nationalities. Not only helps this 

visualization reveal increasing species richness in human gut during the early years of 

life but also differences in α diversity among nationalities can be observed. 

Somewhat similar strategy can be used for visualization of changing microbiota 

composition during a specified time span by utilization of time series plots. In such case, samples 

from different time points should be closely related. An example can be found in the study by 

Videnska et al [30], in which my colleagues and I described changes in microbiota composition 

of egg laying hens. In that study, samples were gradually obtained from gut of hens from the 

selected flocks that hatched out at the same time and lived together for the whole life. Because of 

uneven sequencing depth, relative abundances should be used as shown in Fig. 1.12. Unlike the 

scatter plot, α diversity is hidden, as only taxa on higher level should be distinguished to keep the 

visualization informative. 
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Fig. 1.12 – Time series plot of microbial composition by Videnska et al. [30] 

Time series show microbiota composition in gut of egg laying hens in (A) short time 

and (B) long time experiment. Colors code bacterial families within phyla Firmicutes 

(green), Bacteroidetes (violet), and Proteobacteria (blue). Particular families are 

labelled with a number, coding is available in [30]. 

For samples that cannot be connected along the horizontal axis, a bar chart can be used 

instead. Taxa in every column should be sorted in the same manner to allow simple visual 

comparison of samples. Although there are no strict rules for plotting the data, only selected taxa 

or taxa at higher levels should be used to keep the bars informative. Described type of 

visualization is quite popular, example in Fig. 1.13 showing microbiota composition among pigs 

from conventional and organic farms across Europe comes from study by Gerzova et al. [31] that 

I have co-authored. 

 

Fig. 1.13 – Bar chart of microbial composition by Gerzova et al. [31] 

Bar charts show microbiota composition in gut of pigs herded in conventional and 

organic farm in Europe. Bacterial families are distinguished by different colors, 

labelled by a number. Coding is available in [31]. 

Direct visualization of data from OTU table has no strict rules and examples given in this 

chapter form only a small fraction of basic and commonly used techniques. Visual outputs are 

usually combined to produce more informative and original figures. Although these techniques 

are irreplaceable, more advanced techniques dedicated for metagenomic data analysis and 

visualization are needed. 
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1.2.5 UniFrac metrics and visualization 

An example of technique dedicated to microbial studies can be found in UniFrac (Unique 

Fraction) metric [159]. Such a metric allows advanced clustering and visualization of amplicon 

metagenomic data while taking into account also phylogenetic relations among OTUs. Together 

with dimensionality reduction using Principle Coordinate Analysis (PCoA) form one of the most 

powerful technique for comparison of metagenomic samples. 

UniFrac 

UniFrac is a distance metric specialized for comparing samples or microbial communities in 

amplicon metagenomics. It can be understood as an extension of the Jaccard index, which 

considers also phylogenetic distances among members of communities. Therefore, UniFrac is a 

measure of β diversity. The original UniFrac [159], referred to as unweighted, is a qualitative 

metric. All OTUs present in a sample, regardless their abundances, are placed on a phylogenetic 

tree and the unweighted UniFrac (uu) distance is calculated as a fraction of summed lengths of 

branches that are unique for compared communities in length of all branches as: 

 𝑢𝑢 =
∑ 𝑏𝑗

𝑁𝑢
𝑗=1

∑ 𝑏𝑖
𝑁
𝑖=1

, (1.6) 

where Nu is the number of branches that are unique, N is the total number of branches and bi and 

bj are lengths of branches i and j, respectively. The principles of calculating unweighted UniFrac 

are shown in Fig. 1.14. 

 

Fig. 1.14 – Unweighted UniFrac metric 

A phylogenetic tree is reconstructed using all taxa in analyzed environments. Shared 

branches, i.e. branches leading to taxa present in both environments are in black. 

Unique branches, i.e. branches leading to taxa present in a single environment are 

colored in red. Unweighted UniFrac distance is calculated as a sum of unique branch 

lengths divided by a sum of all branch lengths, i.e. the fraction of total branch length 

which is unique. 

UniFrac distance can be calculated for every pair of samples to reconstruct a distance 

matrix that can be later processed with standard techniques for multivariate statistics. 

Unfortunately, a qualitative measure is ideal only for comparing communities consisting of 

different taxa; a comparison of communities containing the same taxa with different relative 

abundances remains uninformative. To compare such communities reliably, a quantitative 
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measure is needed. For these reasons, also weighted UniFrac was proposed [160]. Weighted 

UniFrac considers also abundances of OTUs present in compared samples by weighting branch 

lengths by relative abundances of OTUs. In the first step, the raw weighted UniFrac is calculated 

as: 

 𝑢𝑤 = ∑ 𝑏𝑖 ∙ |
𝐴𝑖

𝐴𝑇
−

𝐵𝑖

𝐵𝑇
| ,

𝑁

𝑖=1

 (1.7) 

where N is the total number of branches, bi is the length of branch i, Ai and Bi are the abundances 

of taxa (the number of reads assigned to OTU) that descend from branch i in communities A and 

B, respectively, and AT and BT are the total numbers of reads in samples A and B, respectively. 

For non-ultrametric phylogenetic trees, especially those containing quickly evolving taxa 

represented by long branches, it may be advantageous to normalize uw by a scaling factor (D) 

representing an average distance of each taxon from the root, defined as: 

 𝐷 = ∑ 𝑑𝑗 ∙ |
𝐴𝑗

𝐴𝑇
−

𝐵𝑗

𝐵𝑇
| ,

𝑁

𝑗=1

 (1.8) 

where dj is the distance of taxon j from the root, Aj and Bj are the abundances of taxon j (the 

number of reads assigned to OTU j) in samples A and B, respectively, and AT and BT are the total 

numbers of reads from communities A and B, respectively. Normalized uw therefore ranges from 

zero for identical samples to one for sample containing non-overlapping communities. 

Although the utilization of UniFrac is usually followed by PCoA dimensionality reduction, 

the calculated distances can be visualized directly. In already mentioned study by Yatsunenko 

et al. [28], authors demonstrate decreasing UniFrac distance between children and adults using 

scatterplot shown in Fig. 1.15. 

 

Fig. 1.15 – UniFrac distances in scatter plot by Yatsunenko et al. [28] 

UniFrac distances between children and adults from the same country visualized in 

scatterplot shows decreasing trend. With the increasing age, fecal microbiota of 

children is more similar to adults. 
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Several modifications of the original UniFrac distance can be used at the moment. To 

handle large datasets containing hundreds of samples, array-based implementation, referred to as 

fast UniFrac [161], is available. Although unweighted and weighted UniFrac are the most widely 

used metrics for metagenomic studies, they put too much weight on rare and the most abundant 

OTUs, respectively. The generalized UniFrac [162] corrects this limitation and is therefore more 

powerful in detection of changes in moderately abundant OTUs. 

PCoA 

Principal coordinate analysis, also referred to as classical multidimensional scaling (MDS), is 

a dimensionality reduction technique used in multivariate analyses [163]. The principles of PCoA 

are similar to widely used principal component analysis (PCA). Unlike the PCA, which required 

the utilization of distance matrix calculated using Euclidean metric, PCoA starts with distance 

matrix reconstructed according to any preferred metric, including UniFrac. The transformation 

itself is based on eigenvalue decomposition of double centered distance matrix. Therefore, 

the output of UniFrac analysis followed by PCoA is a representation of samples in lower number 

of dimensions in a way that Euclidean distance between samples reproduces the original distance 

matrix. Usually, two or three dimensions explaining the most of the original data variation are 

used to provide informative, human comprehensible visualizations in 2D and 3D, respectively. 

Although the explained variation for the third dimension may be relatively low for highly complex 

microbial communities, the utilization of higher number of dimensions is cumbersome. In study 

by Videnska et al. [33], my colleagues and I visualized fecal samples collected from broilers and 

hens in several European countries using PCoA based on weighted UniFrac distance, as shown 

in Fig. 1.16. 

 

Fig. 1.16 – PCoA plot of fecal samples by Videnska et al. [33] 

Samples collected from broilers and hens from different countries ale coded by 

different colors. Two main coordinates explaining 66% of variation of the original 

data were used for visualization. Samples from Croatian and Slovenian broilers and 

Slovenian hens are similar to each other and form relatively well distinguishable 

cluster. Samples from Czech hens and Croatian hens also form clusters. On the 

contrary, samples from Hungarian broilers are different from each other; core 

microbiota cannot be identified for these samples. 
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Although Fig. 1.16 provides informative visualization of β diversity, the taxa shared by 

different samples remain hidden. Such an information can be added using PCoA biplots. 

In general, biplots are used to visualize information on both, samples as well as taxa that form 

an analyzed OTU table. An example of PCoA biplot can be found in already mentioned study by 

Videnska et al. [30] describing changes in fecal microbiota composition during the life of hens, 

as shown in Fig. 1.17. Different stages of microbiota development are connected to different 

bacterial families. While the samples from first days of life are connected to Proteobacteria, latter 

samples are connected rather to Firmicutes and Bacteroidetes. This corresponds with the 

information visualized by time series plot in Fig. 1.12. 

 

Fig. 1.17 – PCoA biplots of fecal samples by Videnska et al. [30] 

PCoA biplots show samples from three different experiments coded by different 

colors. Bacterial families are colored in grey. The age of hens in days and weeks is 

mentioned in labels. Although the overall layouts using qualitative and quantitative 

UniFrac metric are different, in both cases, three distinguished clusters are visible. 

The first cluster consists of samples containing Proteobacteria, while the second and 

third cluster is connected to Firmicutes and Bacteroidetes, respectively. 

1.2.6 Other analyses and visualizations 

Although analyses using PCoA based on UniFrac metric play the main role in targeted sequencing 

studies, there is a wide range of other techniques that are used to analyze and visualize OTU tables 

reconstructed from amplicon sequencing datasets. However, even these techniques face their 

limitations and further improvement is constantly desirable. 

Correlation analysis 

Revealing hidden correlations in metagenomes can be useful. These may include correlation 

between microbiota composition and external parameters, e.g. temperature, pH, amount of 

nutrients in the environment or internal parameters, e.g. expression of antibiotic resistance genes 

or co-occurrence of taxa within the community. In both cases, the data usually suffer from non-

normal distribution or from different range of values. Thus, utilization of Spearman rank 

correlation is needed. The correlation between X and Y can be calculated as: 

 𝑟𝑠 = 1 −
6 ∑ 𝑑𝑖

2𝑛
𝑖=1

𝑛(𝑛2 − 1)
, (1.9) 
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where di is the difference in paired ranks (ranks of values Xi and Yi) and n is the number of 

observations. The resulting coefficient ranges from -1 to 1. The value 1 indicates relationship 

between variables that can be described using a monotonic function. However, this function needs 

not to be linear as for Pearson correlation. 

Correlating OTU table with itself only transposed can reveal relationships describing co-

occurrences of different taxa. However, the resulting table of correlation coefficients is usually 

too large. To summarize the result into informative layout, a biclustered heatmap can be used 

once again. Hierarchical clustering helps to form groups of positively or negatively correlated 

OTUs. This strategy was also used in discussed study by Videnska et al. [30], where three main 

clusters of correlated bacterial families were found. In the study by Gerzova et al. [10] 

characterizing microbiota composition and a presence of selected antibiotic resistance genes in 

carriage water of ornamental fish, my colleagues and I demonstrated another approach, where 

OTUs were correlated with expression of genes. Not only helped this approach to find strong 

positive and negative correlations of several bacterial families with the expression of antibiotic 

resistance genes in the environment but also to demonstrate the possibility of combining different 

laboratory techniques. Expression of genes was measured with real time PCR and using 

amplification curves calculated as 2-ΔCt. The resulting values were correlated with OTU table 

based on 454 sequencing. An example of correlation of OTU table with external parameters can 

be found in study by Kaevska et al. [13] in which my colleagues and I described seasonal changes 

in microbial community composition in river water. Several environmental factors, 

e.g. temperature, pH, or concentrations of different substances, were correlated with 

the abundance of different phyla, as shown in Fig. 1.18. 

 

Fig. 1.18 – Correlation in the microbiome by Kaevska et al. [13] 

Correlation of environmental factors with bacterial phyla as clustered heatmap. 

Values of Spearman rank correlation coefficients are color coded, hierarchical 

clustering was used to reorganize the map. 
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Baberan et al. [68] proposed another approach to decipher co-occurrence patterns in 

microbial communities based on a network analysis. Instead of using a heatmap, correlations are 

used to reconstruct a network of co-occurring OTUs. Not only allows such a network to visualize 

the patterns in an informative way but a lot of additional network and graph analyses can be 

employed to reveal the structure of complex microbial communities. Basics of graph and network 

algorithms are described in the dedicated chapter, as this methodology is crucial for concepts 

proposed in this thesis. Nevertheless, Baberan et al. [68] utilized kind of Bayesian network 

allowing the analysis of conditional dependencies within the set of OTUs via a directed acyclic 

graph (DAG). These conditional dependencies, illustrated by edges, express a co-occurrence of 

two OTUs underlid by a strong correlation. Only values of Spearman coefficient higher than 0.6 

are counted. A range of descriptive parameters, e.g. size of nodes proportional to the number of 

edges, is calculated to provide as informative layout of the network as possible, see Fig. 1.19. 

 

Fig. 1.19 – Co-occurrence patterns in microbial network by Baberan et al. [68] 

Correlation analysis followed by utilization of Bayesian network provides an 

informative layout. Color-coding distinguishes between generalist OTUs (broadly 

abundant) in red and specialist OTUs (locally abundant in few samples) in blue. 

The final layout is calculated using additional network parameters, e.g. node degree. 

Particular bacterial families are tagged with labels, explanation is available in [68]. 

Trees in amplicon metagenomics 

Although targeted sequencing usually does not produce sufficiently long sequences for proper 

phylogenetic analysis, phylogenetic tree reconstructed from metagenomic amplicons can provide 

at least informative overview of data. Especially trees presented in circular form found use in 

analysis of microbiomes. Not only are such trees able to present evolutionary relationships, also 

differences between particular communities can be visualized by adding color-coded rings around 

the tree. Moreover, bar plots representing quantitative traits may be added as an outer ring. 

An example of tool allowing compact tree visualization including metadata, working with any 

standard tree files, e.g. Newick, Nexus, or PhyloXML, can be found in GraPhlAn [164]. 

Nonetheless, trees are primarily used in shotgun metagenomics, for simple visualization as well 

as to support binning process. 
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1.2.7 Pipelines for amplicon metagenomics 

While some of the techniques and methods presented in previous chapters form standalone tools, 

a substantial part of them is implemented into extensive computational pipelines for targeted 

sequencing metagenomics or for metagenomics in general. 

QIIME 

QIIME (pronounced as chime) [121] or Quantitative Insights Into Microbial Ecology is probably 

the most popular among them. It is an open source software package allowing users to analyze 

raw data from demultiplexing over OTU picking and taxonomical classification to analyses of 

diversity and advanced data visualization. It is mainly composed of python scripts transforming 

outputs and inputs of various tools that were described in the previous chapters into single well-

arranged pipeline. The main advantage lies in huge user community that helps to maintain QIIME. 

Although anybody is allowed to contribute in QIIME with own code, original version QIIME 1 

is no longer supported and whole development effort is put in QIIME 2. While version 1 fully 

relied in CLI (command line interface), in version 2, GUI (graphical user interface) is available 

as an alternative for less advanced users. Moreover, graphical interface brings possibility to 

interactively explore data. Completely plugin-based system of QIIME allows the user to track 

analyses and easily share results with team members, even those without QIIME 2 installed, while 

outputs of particular tools may be exported and further processed by any software outside the 

pipeline. Nevertheless, QIIME is still python interface with lot of dependencies that may 

complicate its installation. 

Mothur 

Not only is mothur [137] OTU picking algorithm, it is also standalone metagenomic pipeline as 

already stated. Unlike QIIME, mothur is a single standalone executable program for Linux, Mac, 

and Windows platforms that covers a large number of useful algorithms. Its installation is 

therefore very easy and thanks to large community, elaborated manuals are available to any user 

through mothur wiki and forums. Moreover, mothur is open source too and anybody is free to 

download the source code to make desired improvements. On the other hand, the performance of 

standalone executable pipeline may be in some cases limited as well as possibilities of data 

visualization. Nonetheless, the outputs can be imported into any tool or programming language, 

including R, to refine poor visualizations. 

MG-RAST 

MG-RAST [50] or metagenomics RAST (Rapid Annotations using Subsystems Technology) is 

another pipeline for metagenomics. It is designed to perform automatic phylogenetic and 

functional analysis of a metagenome. Unlike the previous pipelines that are run locally, MG-

RAST is open source web service run on dedicated server. Although it aims to process shotgun 

data, processing of amplicons is also supported. Rather than performing independent targeted 

sequencing data analyses, amplicons can provide additional information to shotgun datasets 

processed using MG-RAST pipeline, as cheaper amplicon data sometimes accompany large 

shotgun datasets. The outputs of MG-RAST particular tools may be as well exported into any 

other software. 
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1.3 Whole metagenome shotgun sequencing studies 

The steps within WMS sequencing data processing are substantially different from those of 

a targeted sequencing approach. Although they can be also divided into three main blocks as 

shown in Fig. 1.20, they may not be applied in the exact order and they rather supplement than 

follow each other. This is caused by different nature of the shotgun data as well as different 

expectations and demands for the results of an analysis. 

Raw shotgun data represent random chunks of genomes. Thus, the first logical step lies 

in sequence assembly in order to reconstruct original genomes present in a metagenome. 

However, metagenome assembly is a complicated process and separate assembling of related 

read clusters formed during binning process may substantially improve the assembly, i.e. lower 

the number of contigs while prolonging them. On the other hand, binning of longer sequences 

usually produces better clusters and some of the binning algorithms require assembled data. 

Contigs can undergo descriptive and functional analyses at once or in separate bins and in the 

opposite way, reads with additional information acquired during an analysis can help to improve 

the assembly and the binning process. 

 

Fig. 1.20 – Bioinformatics strategy for shotgun sequencing 

The whole strategy contains three main blocks that supplement each other. The 

processing of raw data may start with any of these and particular step can be applied 

repeatedly, e.g. contigs produced by metagenome assembly can be binned into 

separate clusters that are again assembled to produce lesser amount of longer contigs 

that are searched for genes conditioning the function of the community. 

The data handling during the preprocessing step is similar to the targeted sequencing 

strategy and consists of tasks required for any sequencing data, mainly adapter and quality 

trimming. The complexity of particular genomes usually requires to be covered by the capacity 

of a whole sequencing run while multiplexing is not used. Nonetheless, demultiplexing of shotgun 

data follows the same principles as for amplicon data. 
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1.3.1 Metagenome assembly 

Assemblies of metagenomes are extremely demanding tasks that end up far from the complete 

sequences covering whole genomes of every single microbe present in an environment. Yet, 

connecting reads into longer sequences is highly advantageous for analyses of metagenomes 

while it helps to improve following binning processes. 

Basics of (meta)genome assembly 

The genome assembly is a process of merging particular reads into longer sequences in order to 

reconstruct the original genome sequence. Due to the enormous amount of reads for particular 

sequencing projects, a standard Smith–Waterman [165] algorithm for local sequence alignment 

is not efficient enough. Thus, specialized algorithms for genome assembly are needed. One of the 

first was TIGR assembler introduced in 1995 [166], a long time before the advent of high 

throughput NGS platforms. Together with endless improvement of sequencing techniques and 

their diversification, also bioinformatics tools for genome assembly are undergoing constant 

development. Nowadays, there are tens of genomes assemblers, usually designed for a specific 

sequencing platform. Their performance is rated for example during “Assemblathon” 

meetings [167, 168]. 

Although every tool for genome assembly uses its own specific procedure, there are two 

main groups of algorithms to perform de novo assembly – string and graph algorithms. The former 

group consists of simple tools using greedy approach. An iterative algorithm merges two reads 

with the longest overlap in every iteration. Such a strategy suffers from tendency to result in 

locally optimal solution. It is suitable only for shorter genomes, e.g. viral genomes, and for 

datasets of sequences originating from a single organism. Example of greedy extension 

assemblers can be found in SSAKE [169] or VCAKE [170]. However, a majority of novel 

assemblies is produced by graph algorithms, which play the prime role in the genome assembly. 

Although the concept of mathematical graph is described in later chapters, the main characteristics 

of the graph assemblers can be explained briefly here. Graph assemblers are further divided into 

two classes. While the first group utilizes overlap layout consensus (OLC), the second relies on 

de Bruijn graphs (DBG) [171]. OLC strategy use reads as vertices of the graph and edges 

represent overlaps between the reads. The original sequence is assembled as a path within 

the graph. Even though the number of vertices grows linearly with the number of reads, 

the number of edges grows faster, as every other read overlaps with more than one read. Thus, 

the size of the graph grows superlinearly with the number of reads. Moreover, a dynamic 

programming is usually needed to find an overlap between reads, which causes time complexity 

of an assembly to be quadratic. On the other hand, whole reads without any preprocessing steps 

are used. Therefore, main utilization of OLC is found in assembly of data from sequencing 

platforms producing rather lesser amount of long read of uneven length. The typical representative 

tool within this class of graph algorithms is Celera [172]. DBG uses different strategy to 

reconstruct the graph. Vertices in DBG are overlaps, while edges represent the sequence of reads 

and the original sequence is reconstructed by a walk through the graph. However, before a graph 

is constructed, every read is cut into shorter sub-sequences of the selected length, i.e. k-mers, and 

only overlaps of length k-1 are counted as edges. The maximal length of k-mers is denoted by the 

shortest read. On the other hand, the size of DBG grows sublinearly with the growing number of 

reads and overlaps are found in linear time. Therefore, DBG is designed to assemble the data from 
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sequencing platforms producing large datasets of short reads of similar lengths. A majority of 

current tools are based on DBG, e.g. Velvet [173], IDBA [174], and SOAPdenovo2 [175]. 

The ideal result of a genome assembly is a complete genome sequence of an organism, 

see Fig. 1.21. This is hardly achievable for a dataset of a single organism and impossible for 

metagenomic data. The most common output is a draft assembly, in which the genome is split 

into shorter unplaced genomic sequences, so called contigs. The position of contigs within 

the genome is unknown as well as the length of gaps among them. Possibly, the length of gaps 

can be estimated by pair-end reads and such contigs can be grouped into scaffolds. 

 

Fig. 1.21 – Metagenome assembly 

A schema of metagenomic assembly from dataset containing three organisms. The red 

genome was completely assembled into chromosomal DNA sequence. The blue and 

the yellow genomes resulted in draft assemblies. Several contigs from blue assembly 

are grouped into two scaffolds (estimated gaps are indicated by dashed lines). The 

yellow assembly is completely split into contigs. 

The quality of an assembly can be statistically evaluated. It is evident that a lower number 

of longer contigs means better result than many short contigs. Taking into account only an average 

length of contigs is misleading as good draft assemblies consists of several very long contigs and 

usually several more short contigs, some of them assembled only from erroneous reads. 

Therefore, the distribution of their lengths is far from normal distribution. As the number of short 

contigs is higher than the number of long contigs, neither the utilization of median length seems 

legit. Let us have two assemblies A and B. Lengths of contigs in A are 𝑙𝐴 =  {55, 45, 3,2,1} kbp 

and in B 𝑙𝐵 =  {15, 15,14,13,13,10,10,10,3,2,1} kbp. Both assemblies have the same length of 

106 kbp but the median length of contigs in A is 3 kbp and in B 10 kbp. Yet, the assembly A is 

better as it contains two very long contigs and three erroneous contigs, while assembly B is split 

into eight shorter contigs and the same three erroneous contigs. Thus, a specialized statistics is 

needed to describe their quality correctly. For the analysis of a genome assembly, parameter N50 
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is the most widely used one [168]. N50 is similar to median but gives greater weight to the longer 

contigs. It is defined as the shortest contig length at 50% of the assembly length. In our case, 

the half of the assembly length is 53 kbp. For the assembly A, the longest contig itself exceeds 

the length of 53 kbp, accordingly N50A = 55 kbp (the length of the longest contig). For the 

assembly B, four of the longest contigs are needed to exceed the threshold of 53 kbp. The shortest 

of them has length 13 kbp, accordingly N50B = 13 kbp. Therefore, N50 shows that assembly A is 

better than B as the higher the value, the better. In our example, both assemblies were of the same 

length. In practice, the length of assemblies differs and their comparison using N50 is problematic. 

Additionally, L50 parameter, defined as the smallest number of contigs whose length sum 

produces N50, can be used. In our example, L50A = 1 and L50B = 4. Again, parameter confirms 

that A is better than B as the lower the value of L50, the better. 

Metagenome assemblers 

Although any standard assembler can be utilized for assembling a metagenomic dataset, 

specialized tools with optimized parameters for metagenomic data are already available [34]. The 

main difference between assembly of dataset containing single organism and a metagenome is 

uneven sequencing depth of particular organisms within a metagenome caused by their different 

abundance [36]. While standard assemblers presume even sequencing depth to resolve repeats, 

this task is much more complicated for metagenomic data. Moreover, strain specific differences 

in a metagenome are similar to differences between divergent copies of a repeat. Thus, it is hard 

to specify requirements for the percent identity between overlapping reads to be merged. As 

Illumina sequencing platform is the most widely used for sequencing of metagenomes due to its 

high overall output, memory less demanding DBG assemblers are almost exclusively used. On 

the other hand, short reads and their further splitting into k-mers worsens the ability to resolve 

repeats. As a result, reads originating from different organism can be merged into chimeric 

contig [176], which is not possible for dataset containing a single organism. Despite all of these 

issues, metagenomic assembly usually succeeds in merging the majority of reads into longer 

contigs whose following analyses are easier. 

Metagenomic assemblers are usually developed by a modification of standard assemblers, 

e.g. MetaVelvet [38], Meta-IDBA [40], and many others [42]. While standard assemblers 

presume DBG being connected (there is a path between every pair of vertices) to reconstruct 

the complete genome, DBG graph of a metagenome should be disconnected as the data consist of 

several different genomes. Thus, metagenomic assemblers in the first step decompose DBG into 

individual subgraphs that cover particular genomes. Then, contigs are reconstructed from each 

subgraph. Additionally, contigs from a single subgraph, representing random parts of a genome, 

are linked into a scaffold representing the genome of a single organism. 

1.3.2 Binning approaches 

Another task of WMS data processing lies in data sorting, i.e. binning. This step is equivalent to 

OTU picking in amplicon data processing and serves to characterize the taxonomic diversity of 

microbial communities. Yet, it is computationally much more challenging. Some of the binning 

strategies can work directly with short reads while others are optimized for binning longer 

sequence, i.e. contigs or reads produced by TGS. A certain group of algorithms, clustering 

the data according to their abundances, requires only contigs as these algorithms calculate with 

coverage of contigs by short reads. Metagenomic assembly and binning is therefore tightly 
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connected. The basic division of binning strategies distinguishes between methods using 

a reference database, so called taxonomy dependent, and de novo methods, so called taxonomy 

independent [44], see Fig. 1.22 

 

Fig. 1.22 – Division of binning techniques by Mande et al. [44] 

Binning techniques can be divided into two main groups. Assignment or taxonomy 

dependent techniques utilizes a reference database to sort the data. On the other hand, 

assignment or taxonomy independent techniques work de novo, i.e. without any 

reference. 

Taxonomy dependent binning 

Assignment dependent techniques perform a standard homology inference against a reference 

database and can be further divided into three subcategories according to the strategy used for 

sequence processing – alignment based, composition based, and hybrid. In comparison with OTU 

picking techniques using specialized databases as Greengenes, Silva, or RDP, taxonomy 

dependent binning utilizes large and comprehensive databases, e.g. Genbank 

(www.ncbi.nlm.nih.gov/genbank/), EMBL (www.ebi.ac.uk/embl/), DDBJ (www.ddbj.nig.ac.jp/) 

for nucleotide alignments, Uniprot (www.uniprot.org/) for amino acid alignments, or PFAM 

(pfam.xfam.org/) for alignments based on Hiddden Markov Models (HMM). 

Alignment based strategies compare queries with known references by a standard 

alignment to sequences or HMMs using standard algorithms like BLAST [87] or BLAT [177]. 

Possibly, fast read aligners, e.g. BWA [178] or Bowtie [179] can be used. Taxonomy is assigned 

http://www.ncbi.nlm.nih.gov/genbank/
http://www.ebi.ac.uk/embl/
http://www.ddbj.nig.ac.jp/
http://www.uniprot.org/
http://pfam.xfam.org/
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to a query sequence according to the hit in a reference database. In the simplest form, 

the taxonomy of the best hit is used. Such an approach is implemented in already described 

MG-RAST [50] pipeline that is widely used for amplicon data processing. Unfortunately, even 

comprehensive databases stated above are far from being complete and metagenomes contain 

millions of unknown species. Thus, a reckless assignment of the best hit may lead to many 

misidentified sequences. To overcome this deficiency of reference databases, taxonomic 

affiliation can be improved by using Lowest Common Ancestor (LCA). This means that query is 

assigned taxonomy of the lowest common taxonomic ancestor of the organisms corresponding to 

the set of significant hits. This improvement is implemented in the majority of alignment BLAST 

based tools. However, particular tools differ in methods used to identify the set of significant 

hits [44]. 

Using any alignment algorithm for processing of large metagenomic datasets is 

computationally extremely demanding and slow. Composition based strategies address these 

issues by alignment-free approach. Specific parameters derived from compositional properties of 

sequences, e.g. codon usage, GC content, k-mer frequencies, are used for fast sequence 

comparison against a reference. Therefore, these compositional properties have to be computed 

for the known genomes in the first step. Then, the binning itself is a task of a machine learning 

algorithm. Various strategies use different algorithms, e.g. Support Vector Machine (SVM), 

Naive-Bayesian approaches, or kernelized-Nearest Neighbor (k-NN) [44]. Unfortunately, a single 

composition model cannot describe certain genomes as they contains regions of heterogeneity, 

which are compositionally different from the rest of the genome [180]. Therefore, multiple vectors 

can be used to describe a single genomes, as implemented in INDUS [181]. 

Although composition based techniques are fast, they require sufficient length of 

the sequences to provide reliable results. Hybrid techniques combine both, robustness of 

the alignment based strategies and efficiency of the composition based strategies, by two-phase 

binning. A composition based vector is used for fast selection of the most suitable reference 

sequences and the final taxonomy assignment is done by the following alignment against 

a reduced reference database. Description and comparison of particular taxonomy dependent 

binning tools is presented in the review by Mande et al [44]. Nevertheless, assignment dependent 

methods cannot capture hitherto undescribed microbes, which form the majority of metagenomes. 

Therefore, the current trend in metagenome binning lies in utilization of taxonomy independent 

methods. 

Taxonomy independent binning 

Due to the incompleteness of reference databases, the most of the novel binning algorithms 

utilizes reference-free approach [46]. As the bioinformatics research within the field of taxonomy 

independent techniques is highly competitive, the list by Mande et al [44] is outdated and 

incomplete. Moreover, there are principal differences between reference-free binning strategies 

allowing us to further divide also this group of tools. My colleagues and I have proposed 

the division into three categories – (i) sequence composition based methods, (ii) abundance based 

methods, and (iii) hybrid methods [46], see Fig. 1.23. All of these methods use features vectors 

inferred from the original data rather than using whole sequences to achieve better computational 

efficiency. Their main difference comes from the nature of feature extraction. While (i) work with 

compositional properties of sequences, (ii) work with features based on contig coverage reflecting 

abundance of given taxa in a microbial sample. Hybrid methods combine both of these features. 
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At the same time, data visualization is increasingly important to provide user with informative 

overview of the data and to allow him to perform appropriate corrections, e.g. human augmented 

binning [48]. Therefore, such binning tools use advanced dimensionality reduction techniques. 

 

Fig. 1.23 – Division of taxonomy independent techniques by Sedlar et al. [46] 

Current reference-free binning tools can be divided into three subcategories according 

to the nature of a feature vector used for data clustering. Several techniques 

(highlighted by an eye symbol) employ dimensionality reduction techniques to 

provide informative visualization of datasets. 

Composition based techniques for taxonomy independent binning are very similar to 

their counterparts among assignment dependent binning. In the first step, compositional 

properties are summarized into a feature vector used for following comparison by machine 

learning algorithms. However, only unsupervised learning can be used as no reference is 

available. The most commonly used features are normalized k-mer frequencies, also referred to 

as genomic signatures [182]. Typically, k is set to four, which results in high dimensional 

Euclidean space with 44 = 256 dimensions formed by frequencies of particular words four 

characters in length {AAAA, AAAC,..., TTTT}, see Fig. 1.24. Before the machine learning for 

vector clustering is utilized, a dimensionality reduction may be applied to shorten the vectors for 

faster decision-making process. Possibly, reduction in 3D or 2D allows data projecting into human 

comprehensible visualization. This is the reason for composition based techniques to have 

the highest percentage of tools allowing data visualization. Except standard dimensionality 

reduction techniques like PCA, novel algorithms, e.g. Barnes-Hut stochastic neighbor embedding 

(BH-SNE), are applied for metagenomic purposes [126]. The length of the k-mers may vary 

between different tools and other compositional parameters like CG content or oligonucleotide 

frequency derived error gradient (OFDEG). Moreover, some tools combine several parameters. 
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Another difference between particular tools lies in machine learning algorithm used for data 

clustering. Neural networks, especially self-organizing maps (SOM) [183], are widely used. 

Eventually, the main issue of composition based techniques remains in the need of sufficiently 

long sequences. Binning of short NGS reads is possible but the distinguishability of clusters is 

worse than for contigs and long TGS reads. 

 

Fig. 1.24 – Principles of taxonomy independent binning 

Taxonomy independent binning techniques are able to cluster contigs as well as raw 

reads. While composition based techniques are optimized to cluster long sequences, 

abundance based techniques cluster also short reads. However, their prior assembly 

may be still needed as the coverage profiles are utilized during the binning. 

Insufficient length of sequences is not the only issue of composition based methods. They 

also suffer from inability to capture clusters of low abundant species that are often misclassified 

as part of a larger bin belonging to highly abundant species. This can be overcome by utilization 

of abundance based techniques. Abundance based binning tools are divided into two groups as 

indicated in Fig. 1.24. The first group requires dataset of several samples in the form of assembled 

contigs. Such tools assume that coverage profiles of contigs from the same genomes should be 

highly correlated across multiple samples [184]. The second group works directly with raw reads 

and assumes that the distribution of sequenced reads follows the Lander-Waterman model, where 

coverage of each nucleotide can be computed by the application of the Poisson distribution [185]. 

The workflow of these methods is therefore somewhat similar to the composition based binning 

techniques, with the main difference in cluster formation being defined by k-mer abundance 

(content) instead of their similarity (composition). 

The largest subcategory in terms of a number of tools is formed by hybrid techniques. 

Such techniques combine both of the aforementioned strategies, which helps to minimize 

the disadvantages of both and to provide more accurate binning result [186]. A composition based 

approach ensures the possibility of visualization of the data as well as fast pre-clustering, while 

abundance based strategies help to refine the bins. A coverage as well as Lander-Waterman 
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approach are used by particular tools, therefore, some of the hybrid technique requires prior 

assembly. This carries a risk of chimeric contigs negatively influence the binning results. The list 

of current taxonomy independent binning tools and their further characteristics is available in 

abovementioned review by Sedlar et al. [46]. 

Visualization of binned data 

Not only is the visualization process the part of targeted sequencing projects but also its utilization 

in WMS studies is desirable. Visualization of shotgun datasets is tightly connected to data binning 

and can help better interpretation. As assignment independent techniques cluster data in 

an unsupervised manner, informative visualization may help to validate, or manually fine-tune 

the binning process [187]. Possibly, the selected clusters can be used for assembly improvement 

as shown in iterative population-level reassembly based on subsets selected from the BH-SNE 

scatter plot in Fig. 1.25. 

 

Fig. 1.25 – BH-SNE visualization in WMS metagenomics by Laczny et al. [126] 

BH-SNE visualization of a groundwater microbial community. Original 256 

dimensional vector is reduced into 2D in linearithmic time. Length of input sequences 

influences the quality of the binning process and preassembly step is needed. Possibly, 

selected cluster may be used for improved population-level assembly. 

The simplest visualization techniques use short two or three element features vector to be directly 

projected as a point in 2D in 3D space. This is used in 2Tbinning [188], where one axis represents 

the GC content and the other OFDEG. However, the majority of techniques uses multidimensional 

feature vectors that have to be reduced into human comprehensible dimensions. However, such 
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an approach requires utilization of advanced computationally demanding dimensionality 

reduction techniques as SOM. Therefore, additional step of pre-reduction by PCA is usually 

applied before the final transformation is done. Currently the most efficient transformation 

technique implemented in VizBin utilizating BH-SNE has linearithmic O(n∙logn) time 

complexity. 

1.3.3 Descriptive and functional analyses 

At last but not least, WMS data are subjected to descriptive and functional analyses to infer 

biological knowledge about the analyzed community. Unlike the targeted sequencing approach, 

whole metagenome data contain all functional properties of an analyzed microbial community. 

Nevertheless, genomic approach limits the amount of observable properties to the metabolic and 

functional potential of a microbial community rather than its real state. To fully describe 

the function, other omics need to be involved. 

Descriptive studies 

Shotgun dataset describes the whole microbial community in more detail than a targeted 

sequencing approach. The information about taxonomical composition, including abundance of 

particular members of a community, is contained in the data. However, it is much more 

complicated to be extracted. OTU picking procedure applied on targeted sequencing data have to 

be replaced by computationally demanding binning. Moreover, only bins of raw reads allow 

abundance to be estimated as different contigs are derived from different number of reads. 

Combining these disadvantages with a low price of a targeted sequencing, WMS datasets are used 

for descriptive studies infrequently. More typically, a targeted sequencing dataset is produced 

together with whole genome shotgun dataset. This is also the reason for targeted sequencing 

metagenomics to be referred to as metataxonomics [189]. 

Functional studies 

Functional studies in metagenomics copy procedures applied in a standard genomics. These 

consist of annotation of sequences and following assignment of a function to annotated elements. 

Nevertheless, specialized servers for annotation of metagenomic data are available. One of them, 

MG-RAST [50], was already mentioned in the targeted sequencing chapter, however as stated in 

that chapter, its main utilization belongs to WMS. Among other annotation tools, METAREP [52] 

or IMG/M [54] are available. METAREP is an open source tool enabling a user to compare 

multiple datasets. It provides graphical summaries for top taxonomic and functional 

classifications, statistical tests as well as multidimensional scaling, heatmap and hierarchical 

clustering plots. IMG/M is specialized version of Integrated Microbial Genomes (IMG) [190] 

system dedicated to metagenomics. Similarly, it provides tools and viewers for analyzing both 

metagenomes and isolate genomes individually or in a comparative context. Assignment of 

a function to annotated genes is similar to genomic approaches and consists of comparison 

of elements with database data. Specialized databases as Gene Ontology (GO) database [191], 

Clusters of Orthologous Groups (COG) database [192], Pfam [193], SEED [194], or Kyoto 

Encyclopedia of Genes and Genomes (KEGG) [195] are the most commonly used. 

Metagenomics itself, similarly to genomics, can only report functional capacity or 

potential of an organism or a community of organisms rather than its real function or current state. 

Thus, metagenomic functional studies are usually complemented by the use of 

metatranscriptomics, metaproteomics, and metabonomics. While metatranscriptomic approaches 
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were limited to the microarray technology in the past [196], the utilization of RNA-Seq 

technology became recently quite common [197–199]. Processing of RNA-Seq, in 

metatransriptomics also referred to as meta-RNA-Seq, reads is similar to processing of standard 

metagenomics reads while retaining some of its own characteristics. Nevertheless, pipelines for 

functional analysis like IMG/M are capable of processing RNA-Seq data. Metaproteomics refers 

to large-scale characterization of the entire protein complement of an environmental sample [200]. 

By using different lab techniques and data-processing procedures, metaproteomics links 

genotypic traits with real functions of microbial communities. Possibly, metaproteomic studies 

can be supplemented by metabonomic studies that report metabolite profiles of whole 

communities. The term ‘metabonomics’ avoids the use of funny denomination ‘meta-

metabolomics’ [201]. 

1.3.4 Pipelines for shotgun metagenomics 

The processing of WMS data is more complicated in comparison to targeted sequencing studies 

and implementation of all basic tools into a single pipeline is almost impossible. Nevertheless, 

some tools and techniques are contained in smaller pipelines solving the part of WMS analysis, 

e.g. functional studies. 

MEGAN 

Except for the already mentioned MG-RAST [50], also MEGAN [202] serves as a versatile WMS 

and metatranscriptomic data-processing pipeline. It offers a wide range of algorithms and 

techniques, from taxonomic analysis using NCBI taxonomy or customized taxonomy to 

functional analyses using SEED, KEGG, and many others. Additionally, it is able to parse many 

different types of input and allows user to provide informative graphics using standard techniques, 

e.g. bar chart, or advanced visualization techniques including multivariate analyses, e.g. PCoA, 

or networks. MEGAN is being continuously updated and current version is MEGAN6 consisting 

of two editions. While community edition is a free available open source version, ultimate edition 

is a paid premium version containing additional features and support. 

Other pipelines 

There is no other comprehensive pipeline for WMS data processing. Yet, already mentioned tools 

for binning and functional analyses can be considered as pipelines for their ability to analyze data 

using several algorithms, databases, and visualization techniques. Their description was provided 

in chapters above. 
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2 COMPUTATIONAL BACKGROUND 

Even though the principles of computational state-of-the-art methods and tools have been already 

described in the previous chapter, deeper understanding of some of these concepts is important 

for development of novel, more advanced tools. Those include especially concept of mathematical 

graphs and techniques for sequences feature extraction and processing. While graphs are suitable 

for analysis and reduction of large OTU tables and their informative visualizations, feature vectors 

allow application of very fast algorithms on extensive datasets gathered in whole metagenome 

shotgun sequencing studies. 

2.1 Graph theory 

The concept of graphs is significantly older than metagenomics itself. In fact, the famous problem 

of bridges in Königsberg defined in a paper by Leonhard Euler is considered to be the very first 

paper in the history of graph theory [56]. Euler published the paper in 1736, 262 years before 

Handelsman introduced the term ‘metagenomics’. Since then, graph theory has gone through 

great development and found application in a wide range of disciplines and fields, from physics 

through computer science to biology or even humanities. 

2.1.1 Graph 

Definition 

A graph is a basic object of graph theory or discrete mathematics that can capture pairwise 

relations between objects. In the most common sense of the term, a graph G is an ordered 

pair [58]: 

 𝐺 = (𝑉, 𝐸), (2.1) 

where V is a set of vertices (also called nodes or points) and E is a set of edges (also called lines 

or arcs) connecting these vertices. Thus, E can be understood as: 

 𝐸 ⊆ {{𝑢, 𝑣}|𝑢, 𝑣 ∈ 𝑉, 𝑢 ≠ 𝑣}, (2.2) 

a two-element subsets of V. Such a graph is referred to as undirected because the association of 

u and v takes the form of the unordered pair, i.e. e = {u, v}. However, the pair of u and v may be 

ordered, i.e. e = (u, v). In that case, the graph is directed. 

If E is a simple set, a graph is called a simple graph, i.e. every pair of vertices is connected with 

maximally one edge. Graphs with E being multiset are referred to as multigraphs. Multiple edges 

(two or more edges connecting the same pair of vertices) are called multiedges. In some cases, 

the condition u ≠ v is not met and such edges are called loops. A graph containing loops is 

sometimes referred to as pseudograph. It is convenient to assign weights to edges for some 

purposes, then we talk about weighted graph. 

The differences between different kind of graphs are visible in graph drawings. A graph 

drawing is a visual representation of a graph itself. These two concepts (a graph and its drawing) 

should not be confused, as there are several ways to draw a graph. Therefore, it is sometimes 

difficult to decide if two drawings using a different layout represent the same graph. Nonetheless, 
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all graph drawings are characterized by common elements such as circles (or dots) representing 

vertices and lines (or arcs) representing edges. Differences between basic kind of graphs are 

visualized in Fig. 2.1. 

 

Fig. 2.1 – Basic kind of graphs 

The example of 4 different graphs with four vertices V={v1,v2,v3,v4} and several edges. 

(A) The graph is undirected and simple because the set of edges contains unordered 

pairs E={e1,e2,e3,e4}={{v1,v2},{v2,v3},{v3,v4},{v4,v1}} (B) The graph is directed and 

simple as the set of edges contains ordered pairs E={(v1,v2),(v2,v3),(v3,v4),(v4,v1)}. 

(C) The graph is a directed multigraph as edges are oriented and E is a multiset 

because e4=e5. (D) The graph is a pseudograph because it contains a loop e3=(v2,v2). 

Graph representation 

Visual representation of a graph, a graph drawing, is its pictorial representation but in fact, a graph 

is abstract data type that can be defined by several data structures, mostly matrices or lists. 

The most common structure is an adjacency matrix. For simple graph, an adjacency 

matrix is two dimensional, square, Boolean matrix A of type n × n, where n = |V| is a number of 

vertices. For undirected graphs, lower or upper triangle matrix is sufficient to fully represent 

a graph. Adjacency matrices representing multigraphs may contain values higher than ones for 

multiple edges. Possibly, Boolean values can be replaced by real values representing weights of 

edges. Such a matrix is called a distance matrix. An adjacency matrix should not be confused 

with an incidence matrix, which expresses the relationship between vertices and edges. Thus, 

an incidence matrix I is a two-dimensional matrix of type n × m, where n = |V| is a number of 

vertices and m = |E| is a number of edges. Besides these basic representations, there are many 

kinds of matrices used for graph representation, some of them designed for analysis of various 

graph parameters [58]. 
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Although matrix representations are suitable for rapid computation of selected queries, 

they suffer from high memory requirements. For sparse graphs, i.e. graphs with only few 

connected vertices, the adjacency matrix consists mainly of zeros. These graphs are better to be 

represented by lists. Similarly to matrix representation, the most commonly used are adjacency 

list and incidence list. In practice, the choice of graph representation depends on both the graph 

structure and the algorithm used for manipulating the graph and in concrete applications the best 

structure is often a combination of both approaches [203]. 

Basic parameters and classes of graphs 

Every graph can be described by a range of parameters. Such parameters help to describe a graph 

and to distinguish among several basic classes of graphs. Moreover, in graphs applied to biology, 

computation of selected parameters helps to infer biological knowledge. The order of a graph, 

equal to a number of vertices |V|, and the size of a graph, equal to a number of edges |E|, are two 

basic parameters. 

Two vertices joined by an edge are adjacent vertices. All vertices that are adjacent to a vertex v 

are in its neighborhood N(v): 

 𝑁(𝑣) = {𝑢 ∶  {𝑣, 𝑢} ∈ 𝐸}. (2.3) 

Then, the size of the neighborhood is called the degree of a vertex deg(v). For oriented graphs, 

an indegree deg+(v) and outdegree deg-(v) can be distinguished as a number of edges going to 

the vertex and as a number of edges heading out of the vertex, respectively: 

 

𝑑𝑒𝑔(𝑣) = |{𝑢 ∶  {𝑣, 𝑢} ∈ 𝐸}| 

𝑑𝑒𝑔+(𝑣) = |{𝑢 ∶ (𝑢, 𝑣) ∈ 𝐸}|. 

𝑑𝑒𝑔+(𝑣) = |{𝑢 ∶ (𝑢, 𝑣) ∈ 𝐸}| 

(2.4) 

An arbitrarily ordered sequence of degrees of all vertices in a graph is referred to as a graph score. 

Two scores are considered to be the same if one score is a permutation of the other, i.e. the selected 

order of vertices does not matter. 

If all vertices in a graph have the same degree, the graph is regular. A regular graph with 

vertices of degree k is called a k-regular. A maximum number of edges in a graph is given by 

a number of vertices. A graphs containing all possible edges, i.e. a graph where all pairs of vertices 

are joined by an edge, is called a complete graph. Two vertices are connected, when there is 

a path (sequence of edges and vertices) between them; otherwise, the vertices are disconnected. 

A graph containing only connected vertices is connected. 

A special class of graph is a bipartite graph [60], which is a graph whose vertices can 

be divided into two disjoint sets such as: 

 𝑉 = 𝑉1 ∪ 𝑉2, 𝑉1 ∩ 𝑉2 =  ∅ and ∀𝑒 = {𝑢, 𝑣}, 𝑒 ∈ 𝐸: 𝑢 ∈ 𝑉1 ∧  𝑣 ∈ 𝑉2 (2.5) 

that only two vertices of different kind V1 and V2 can be connected by an edge e. V1 and V2 are 

called partitions. The whole bipartite graph is defined by an biadjacency matrix Bm,n, whose size 

is determined by the sizes of both partitions m=|V1| and n=|V2|. A biadjacency matrix is a submatrix 

of an adjacency matrix Ar,r: 
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 𝐴 = (
0𝑛,𝑚 𝐵

𝐵𝑇 0𝑛,𝑚
), (2.6) 

where r=m+n represents the number of vertices in the final bipartite graph. Because vertices from 

different partition cannot be joined, an adjacency matrix of a bipartite graph is a sparse matrix 

full of zeros. An example of a bipartite graph GB is shown in Fig. 2.2. 

 

Fig. 2.2 – A bipartite graph 

An example of a bipartite graph defined by a biadjacency matrix B. One partition 

consists of vertices drawn as red circles, while the other partition contains yellow 

squares. A red circle can be joined by an edge only with yellow square. 

2.1.2 Graph drawing 

Graph drawing is a full-value sub-discipline of a graph theory that combines methods from 

geometric graph theory and information visualization. The primary objective of graph drawing is 

to provide clear visualization in human comprehensible space, most commonly 2D. It is the 

understandability of a graph that is highly affected by an arrangement of vertices and edges. Thus, 

graph drawing follows some conventions. The most common graphical representation of a graph 

is a node-link diagram [204]. Vertices are drawn as circles, boxes, or textual labels, while edges 

as lines or curves. Arrowheads usually indicate orientation of edges. On the other hand, alternative 

convections can be found, e.g. circle packings, intersection representations, visibility 

representations, fabrics, or various visualizations of adjacency matrices [205]. 

The quality of a graph drawing can be measured using several parameters, which are 

commonly used by automatic tools for graph drawing to provide informative layouts, whose 

quality can be objectively measured. While the size of a graph is determined by the amount of its 

edges, it is the area of a graph drawing (the size of its smallest bounding box), which matters in 

graph visual representation. Except for the size of the bounding box, its aspect ratio plays 

important role. Although smaller area is preferable, crossing of edges, expressed by the crossing 

number, is undesirable. Moreover, edges should be as simple as possible, without any 

unnecessary bends. Thus, it is convenient to propose visualization with low number of bends. 

Yet, the length of all edges should be comparable [205]. An informative graphs drawing also tries 

to highlight symmetries in a graph. Different strategies for graph drawing put weight on different 

parameters and determine different layout methods. 

The most commonly used strategy is a force-based layout [204], which presumes 

combination of repulsive forces between all vertices with attractive forces between adjacent 

vertices. An example of force-based layout can be found in the graph drawing shown in Fig. 2.2. 

Some layouts can follow a pre-defined geometrical shape. For example, circular layout puts 
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adjacent vertices next to each other on a circle while reducing crossing number. On the other 

hand, arc diagrams place all vertices on a line while edges are drawn as semicircles above or 

below the line. Examples of these layouts can be found in Fig. 2.3. Although all of these drawings 

represent the same bipartite graph GB defined by the biadjacency matrix B from Fig. 2.2, their 

appearance is very different. 

 

Fig. 2.3 – Various layouts of a graph 

Another three drawings of the bipartite graph GB presented as (A) random layout 

(B) circle layout, and (C) arc diagram. 

2.1.3 Application of graphs and networks to bioinformatics 

Many real-world problems can be described and solved by using graphs. Moreover, a majority of 

such problems have parallels in bioinformatics. Although it may not be obvious at the first sight, 

these are quite common. Let us return to the assembly algorithms. OLC and DBG [171], abstract 

graphs, are widely used for efficient production of genome assemblies. In fact, DGB is 

a generalization of the Eulerian graph and genome assembly is a problem of finding Eulerian trail 

(path) through this graph. Therefore, a problem of genome assembly is equivalent to finding 

an ideal path through Königsberg using its seven bridges, except bridges are replaced by reads 

and Königsberg is represented by a genome. One of the first applications of graphs to biology lies 

in description of evolution using trees, which forms a standalone class of graphs. 

Another utilization of theoretical graphs in the field of bioinformatics can be found in 

drug design, which studies interaction between molecules, usually small ligands and 

macromolecular targets [206]. These interactions can be quantitatively studied using statistics on 

graph-theoretic properties related to the topology of the molecules or atoms in 3D. More 

generalized model summarizing all interaction within a cell is referred to as interactome [207]. 

These graphs, in which every vertex or edge has an attribute, e.g. name, are widely referred to as 

networks. 
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Biological networks 

A biological network is a network describing any biological system. While vertices, in network 

theory usually called nodes, represent units of the network, edges stand for interactions between 

adjacent nodes. Except for the qualitative attributes, e.g. name of a unit or description of 

an interaction, quantitative attributes are quite common. These may represent a size of a molecule 

or an abundance of a species in case of nodes, or bond strengths, rates of reactions etc. in the case 

of edges. Thus, biological networks can be regarded as weighted graphs. Applications of networks 

to biology are almost unlimited and include for example modelling of molecular activity in 

a cell [62], protein-protein interactions [64], neural networks of brain activity [66], already 

mentioned co-occurrence patterns in microbial ecology [68] and many others [70, 72, 74, 76]. 

An analysis of a biological network using graph/network algorithms is a powerful tool to 

infer hidden biological properties. There are two basic types of analyses. Dynamic analyses 

evaluate changes in attributes of nodes and edges over the time. These mainly include analyses 

of gene regulatory networks, signaling pathways, or metabolic networks by the means of 

computational systems biology [78]. On the other hand, a static analysis evaluates a topology of 

a network and, besides systems biology, is widely applied also in bioinformatics. Various analyses 

of topology of large biological networks revealed that they share many features with other 

networks, e.g. social networks. On the contrary, some features that are widely applicable to any 

network were firstly described using biological networks, e.g. network motifs, defined as ‘patterns 

of interconnections occurring in complex networks at numbers that are significantly higher than 

those in randomized networks’ using various network, including the genetic networks of 

Escherichia coli and Saccharomyces cerevisiae [208]. 

One of the widely used parameters evaluating topology of a network is modularity. It 

measures the strength of division of a network into particular modules representing different 

communities or clusters of nodes. A module is characterized by dense connections between the 

nodes within a module but sparse connections between nodes in different modules. A modularity 

score Q [80] is defined as: 

 𝑄 =  
1

2𝑚
 ∑ (𝐴𝑖𝑗 −  

𝑘𝑖𝑘𝑗

2𝑚
) 𝛿(𝑐𝑖, 𝑐𝑗), =

𝑖,𝑗

∑(𝑒𝑢𝑢 − 𝑎𝑢
2),

𝑢

 (2.7) 

where m=|E| is a number of edges, A is an adjacency matrix, ki and kj are degrees of a node i and 

j respectively, ci and cj are communities of nodes i and j, and euu is a fraction of edges within 

a community u: 

 𝑒𝑢𝑢 =  ∑
𝐴𝑖𝑗

2𝑚
1𝑖𝜖𝑐𝑢

1𝑗𝜖𝑐𝑢

𝑖𝑗

 (2.8) 

and au is a fraction of edges between communities u and v: 

 𝑎𝑢 =  
𝑘𝑢

2𝑚
=  ∑ 𝑒𝑢𝑣

𝑣

. (2.9) 

Modularity ranges from -0.5 to 1 and higher values mean higher quality of communities, i.e. dense 

connections within a community and sparse connection between communities. 
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2.2 Sequence features 

Bioinformatics is a discipline exploring biological sequences that are represented as text strings. 

From this point of view, bioinformatics may seem as a sub-discipline of stringology, which 

studies algorithms and data structures used for text strings processing [82]. On the other hand, 

biological text strings are characterized by strict rules and their information content can be 

quantified using various statistical, computational, or signal processing approaches. Utilization of 

these techniques allows more elaborated, more complex algorithms to be applied for solving 

selected tasks, e.g. dimensionality reduction, fast binning, etc., that would be hardly achievable 

by using stringology itself. 

2.2.1 Basic features and feature vectors 

Utilization of basic features or vectors of various features helps to overcome the most 

computationally demanding task – sequence alignment and following similarity calculation. 

While current computing resources can easily handle alignment of several sequences using 

dynamic programming (Smith–Waterman [165]) or heuristic algorithms (BLAST [87]), 

alignment of large metagenomic datasets containing billions of sequences is still impossible. 

Nevertheless, a similarity of two sequences can be evaluated by comparing their characteristic 

features. The most basic parameter is GC content. Although percentage of cytosine and guanine 

in a sequence may seems as an imperfect parameter, a difference in GC content between unrelated 

populations was proved [83]. This primarily applies to bacterial genomes that are formed mainly 

by coding sequences and GC content of a random read corresponds to GC content of whole 

genome. GC content in eukaryotic sequences may vary along the genome, while it is higher in 

coding and lower in non-coding sequences. Although the use of similar basic features is quite 

rare, one more example can be found in already mentioned OFDEG [209] that was designed for 

binning of metagenomic sequences. The calculation of oligonucleotide frequency derived error 

gradient may seem to be a bit cumbersome in comparison to GC content and consists of several 

steps. Every sequence has to be truncated into the length of the shortest sequence in the analyzed 

dataset. Oligonucleotide frequency (OF) is calculated using a user defined (length and step) 

floating window for the analyzed sequence and a user defined number of its sub-sequences from 

random locations. Euclidean distance between OF of the analyzed sequence and its sub-sequence 

is an error. Performing linear regression on all of these errors gives an estimation of OFDEG 

value of the analyzed sequence. Even though binning using OFDEG can reach high sensitivity 

and specificity, the final value depends on user defined inputs. Thus, OFDEG was implement in 

only a single binning tool – 2Tbinning [188], which is no longer publicly available [46]. 

The specificity and sensitivity of OFDEG can be improved by using it in combination with GC 

content. In that case, both values are combined in a single 2D vector containing these two values. 

However, the majority of feature vectors is high dimensional representing k-mer frequencies. 

Utilization of k-mer in bioinformatics is very broad. However, k-mers do not represent 

any sequence feature but only sub-sequences of length k derived from the original sequence. 

In metagenomics, k-mers themselves are used in targeted sequencing studies for sequence 

clustering during OTU picking, e.g. in USEARCH [136], which uses locally sensitive hash 

function and compares two sequences locally by individual k-mers. However, this approach in 

not efficient enough for WMS studies, where frequencies of particular k-mers are calculated rather 
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than using k-mers directly. The length (or dimensionality) n of a frequency vector depends on the 

alphabet and k (length of a k-mer): 

 𝑛 = 𝑘𝑎, (2.10) 

where a is a length of an alphabet. As the alphabet of a DNA sequence is formed by four characters 

{A,C,G,T}, the length of the resulting feature vector L is k4: 

 𝐿 = [𝑙1, 𝑙2, … , 𝑙𝑛], (2.11) 

where every element lx of the vector represents the frequency of a word of length k reconstructed 

as permutation of characters from the input alphabet. For example, all possible 2-mers from DNA 

alphabet forms a set K={AA,AC,AG,AT,CA,CC,CG,CT,GA,GC,GG,GT,TA,TC,TG,TT} 

containing 24=16 words. The 2-mer frequency vector of the sequence ‘AAACGCATCAGGGT’ 

is L=[2,1,1,1,2,0,1,0,0,1,2,1,0,1,0,0] and represents a point in 16-dimensional space. 

The advantage of k-mer frequencies lies in the length of the vector, which does not depend 

on a length of an original sequence. Therefore, two sequences of uneven lengths can be easily 

compared. K-mers of length four were proved suitable genomic signatures for highlighting 

differences between species and were implement in the first tool using k-mer frequencies, called 

TETRA [210]. Current tools usually work with k-mers within a range 2 – 5 with four being 

the mostly used. 

2.2.2 Genomic signals 

Another approach overcoming the string nature of biological sequences is utilization of genomic 

signal processing [86, 88] techniques. GSP is a sub-discipline of bioinformatics that applies digital 

signal processing techniques to biological sequences, DNA and protein. Genomic signals can be 

understood as advanced features or feature vectors that are obtained by a transformation of the 

original character string sequence into a form of digital signal or numerical vector. Genomic 

signals have ability to highlight various features that may occur on a larger scale than particular 

nucleotides. Thus, a limitation of character-based representation showing only point differences 

between sequences is suppressed. Various genomic signals were already proved to solve different 

bioinformatics task, e.g. organism comparison, sequence alignment, gene prediction etc. [90, 92]. 

The rules according to which a sequence is transformed are referred to as a numeric map. There 

is a range of numeric maps highlighting different features. While some maps are degenerative, 

i.e. the signal cannot be transformed back into a sequence, others allow reverse transformations 

to be applied. Another division of numeric maps is derived from the dimensionality of a 

transformed signal. While native dimensionality of DNA is equal to four (determined by four 

different nucleotides), various signal representation can reduce it to 3D, 2D, or even 1D. 

DNA numeric maps 

Although there are many maps for transformation of protein sequences [211], metagenomics 

primarily processes DNA sequences. The most natural form of DNA signal is its 4D 

representation using four binary indicator vectors, sometimes called Voss representation [212]. 

Every vector is of the same length, which is equal to the length of the original sequence. 

The vector uA for adenine contains ones at positions, where adenine occurred in the original 

sequence and zeros elsewhere. The similar rule is applied to the other vectors uX, i.e.: 
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 𝑢𝑋(𝑛) = {
1,  𝑠(𝑛) = 𝑋
0,  𝑠(𝑛) ≠ 𝑋

   , 𝑋𝜖{𝐴, 𝐶, 𝐺, 𝑇}. (2.12) 

This representation is non-degenerative and the transformation can be done in linear time with 

the respect to the length of a sequence. Although the representation using binary vectors is easy 

to obtain, its major issue lies in dimensionality, which makes it difficult to be further processed 

by signal techniques. Therefore, other maps usually try to reduce dimensionality of this 

representation. 

Even though GSP seems to be a novel sub-discipline of bioinformatics, the first numeric 

representation started to appear with the onset of DNA sequencing. The example can be found in 

H curve introduced in 1983 [213]. H curve is 3D representation, in which every nucleotide is 

represented by a combination of unit vectors in three basic axes x, y, and z. Utilization of H curve 

is not very common but inspired development of Z curve [35], which allows utilization of 

advanced signal processing techniques, e.g. Fourier transform [214]. Z curve is a 3D 

representation that can be projected into particular planes to highlight various features, e.g. GC 

content. These projections are utilized, as already mentioned, in Ori-Finder [37]. Another widely 

utilized map for 3D representation is tetrahedron representation [215]. Nucleotide tetrahedron 

places four nucleotides into four vertices of geometric tetrahedron, see Fig. 2.4. 

 

Fig. 2.4 – Nucleotide tetrahedron 

Nucleotides are represented as vertices of tetrahedron. Particular axes code 

information regarding chemical similarity of nucleotides. Axis x distinguishes 

between nucleotides that bond by two and three hydrogen bridges, axis y between 

nucleotides containing amino and keto group, and axis z divides purines from 

pyrimidines. 

Similarly to Z curve, tetrahedron representation also allows projections into particular 

planes to be made and thus a reduction into two-dimensional space to be performed. Two-

dimensional representations are suitable for visualization and analyses by image processing 
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techniques. In general, these techniques are referred to as DNA walk and are widely studied 

especially for analysis of bacterial genomes for more than two decades [216], while its foundation 

was laid even earlier [217]. Particular variants of DNA walk assign different values to nucleotides. 

A majority of them highlights AT differences in one axis, while GC in the other axis. Therefore, 

they are usually similar to projections of Z curve. However, exceptions using only the first and 

the fourth quadrant of Cartesian plane can be found [218]. 

Possibly, two-dimensional plane of DNA walk representations can be replaced by 

a complex plane. There are three possibilities to project 3D nucleotide tetrahedron from the 

Fig. 2.4, one of them, a projection in the direction of the axis y, is shown in Fig. 2.5. However, 

the axis x carrying information about the strength of nucleotide bonding is replaced by the real 

axis of a complex plane and the axis z distinguishing between purines and pyrimidines by the 

imaginary axis of a complex plane. Therefore, nucleotides {A,C,G,T} are represented by four 

complex numbers {1+i,-1-i,-1+i,1-i}. 

 

Fig. 2.5 – Complex numeric map 

Particular nucleotides are represented by complex numbers. While the imaginary part 

of a number carries information about chemical similarity of nucleotides, the real part 

captures the strength of bonding. Complex numbers can be expressed by their phases. 

The phase of complex numbers φ allows another dimensionality reduction into one-

dimensional space. A phase is a real number that can replace character representing a nucleotide. 

A DNA sequence is then represented by a signal, instead of character string, of the same length. 

Real numbers assigned to nucleotides differ according to a used convention, in the direction of 

the original axis y as follows [219]: 

 {𝜑𝐴, 𝜑𝐶 , 𝜑𝐺 , 𝜑𝑇 , } = {
𝜋

4
, −

3𝜋

4
,
3𝜋

4
, −

𝜋

4
}. (2.13) 

Resulting representation is called a phase signal. While a simple replacement of symbols by their 

phases results in a simple phase signal, phase can be also cumulated or unwrapped along 
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a sequence. Resulting signals are referred to as cumulated and unwrapped phases, respectively. 

In all of these variations, a 1D signal is of the same length as the original sequence and before 

two signals can be compared, their alignment or another preprocessing step is needed. 

The abovementioned signal representations are relatively well-described and widely used 

for various bioinformatics tasks, including genome assembly verification, replication origin 

prediction, prediction of coding sequences etc. [116]. However, they form only a part of all 

numeric maps and another approaches using Coded Mark Inversion (CMI) coding [220], codon-

based encoding [221], RGB color coding [88], and many others can be found. 

Nanopore signals 

DNA sequences stored in FASTA format using IUPAC codes do not represent native format of 

sequencing machines but are rather a product of base-calling, which is a process of measured 

data decoding. For example, Sanger sequencing decodes the sequence by processing data from 

capillary electrophoresis. On the other hand, Illumina and Roche 454 process series of high-

resolution images. None of these native format is suitable for direct analysis in metagenomics 

before base-calling is done, except for the nanopore sequencing native format. 

Nanopore sequencing was for a long time only a theoretical method until Oxford 

Nanopore Technologies introduced MinION, a small sequencing device, in 2014 and the platform 

became commercially available. The principle of nanopore sequencing lies in dragging 

the sequenced DNA through a biological nanopore in a non-conductive membrane by applying 

an electric field. DNA fragments cause changes in the ionic current flowing through the pores in 

the membrane. Thus, every pore reads one sequence and generates one signal that represents one 

read. Generated signals representing a nanopore sequencing native data format are commonly 

referred to as squiggles [94]. Although sequencing itself is performed in a real time, which is 

typical for TGS, base-calling requires signals to be processed by a specialized ONT server. This 

is inconvenient as a sequencing device is small and allows experiment being conducted out of 

a lab [222]. Thus, novel bioinformatics tools processing directly squiggles are being proposed to 

overcome this inconvenience and to allow completely new sequencing task to be performed, 

e.g. selective sequencing [223]. Sampling frequencies of squiggles differs between various 

versions of sequencing chemistries but all available information can be found in FAST5 (HDF5 

file format) files produced by a sequencing device. These include raw squiggles or at least data 

for their reconstruction, base-called character string sequences, sampling frequency, chemistry, 

etc. 

2.2.3 Alignment-free and alignment-dependent processing techniques 

While feature vectors of the same type are always of the same length regardless of 

the length of original sequences, because every element of a vector represents a single feature, 

the length of genomic signals depends on the length of the original sequence and sampling 

frequency. Thus, two genomic signals of the same type representing two different sequences may 

be of a different length. In case of squiggles, even the length of signals of the same DNA 

fragments may vary when different sampling frequency is selected during sequencing. These 

differences between feature vectors and genomic signals cause differences in processing. While 

feature vectors do not require any alignment, genomic signals have to be aligned before their 

comparison is possible. 
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Alignment-dependent techniques for processing genomic signals are similar to character 

processing algorithms. A dynamic programming has to be used to generate an alignment of two 

signals. An alternative of alignment algorithms like Smith–Waterman can be found in dynamic 

time warping (DTW). Algorithms for pair-wise as well as multiple genomic signal alignment are 

available [224, 225]. While overall time complexity of these algorithms is similar to their 

counterparts among character processing techniques, signal processing allows application of 

advanced techniques for signal downsampling to simplify the alignment problem without 

negatively affecting the results of an analysis [118, 120]. 

Alignment-free techniques are computationally more efficient in general and preserve 

good sensitivity and specificity of analyses. Particular tools use different feature vectors with k-

mer strategy being the most commonly used, as already described with various metagenomic 

tools, especially binning tools. Furthermore, alignment-free techniques do not require feature 

vectors to be reconstructed from original character string sequences; utilization of genomic 

signals is possible. Thus, a range of signal processing techniques can be applied to genomic 

signals for an alignment-free analysis [226]. 
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3 OBJECTIVES OF THE THESIS 

The purpose of the thesis is to propose novel methods for comparative analyses of metagenomic 

data. Due to the differences between targeted and whole metagenome shotgun sequencing data, 

there are two main objectives with several sub-objectives each: 

 

1. Develop a method analyzing targeted sequencing data for a comparative analysis of 

microbiomes using graph and network algorithms, including: 

 

1.1. a transformation of OTU table into a graph in a way that qualitative and quantitative 

information is preserved, while merging of OTU or samples is allowed, 

 

1.2. application of network algorithms for detection of communities associated with different 

samples, 

 

1.3. a human comprehensible and informative data visualization using the most suitable 

layout and coloring. 

 

 

2. Develop a method processing whole metagenome shotgun sequencing data for fast 

taxonomy independent binning based on genomic signal processing, including: 

 

2.1. a selection of the robust numeric map and transformation technique allowing efficient 

binning, 

 

2.2. a possibility of processing nanopore data, 

 

2.3. a human comprehensible and informative data visualization, 

 

2.4. application of automatic clustering techniques. 

 

The results gathered during fulfilling the first and the second objective are presented in 

chapter four and five, respectively. 
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4 MICROBIOME BIPARTITE NETWORKS 

Two basic approaches to metagenomic studies were described in the theoretical part of the thesis. 

While only a whole metagenome shotgun sequencing approach results in a real study of 

a metagenome, targeted sequencing studies are still applied to reveal microbial composition of 

various habitats. Therefore, amplicon sequencing plays an irreplaceable role in microbial studies. 

Even though a range of advanced techniques for analyses of targeted sequencing data has been 

already introduced, there is still room for further improvement, especially among techniques 

allowing an analysis of samples from different habitats, various samples, or different time-points 

in a single environment. 

 

Fig. 4.1 – Principles of microbial bipartite network reconstruction 

Flowchart describing proposed workflow. Every main step is implementable in 

several scripting languages/software according to the preferences of users. My 

colleagues and I introduced the workflow in study by Sedlar et al. [96]. 

A network representation of microbial communities is not a completely novel idea, for 

example, the pipeline QIIME allows user to generate so-called OTU networks or bipartite 

networks that are specifically designed to be visualized using Cytoscape [98]. Nevertheless, such 

networks are only briefly described and designed mainly for visualization of data rather than its 
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full-fledged analysis. The methodology proposed in this thesis brings detailed description of 

particular steps needed for transformation of OTU table into a graph with suitable properties. 

These include, but are not limited to, various transformations allowing community detection, edge 

weighting, eliminations of low abundant OTUs, sample merging, and others. Rather than 

introducing another tool with limited usage, in this thesis, I present a comprehensive set of rules 

for OTU table handling in order to reconstruct informative microbial bipartite networks and their 

drawings using any programming language or visualization platform. I have introduced these 

principles in study ‘Bipartite Graphs for Visualization Analysis of Microbiome Data’ [96] for the 

first time. The whole workflow is presented in Fig. 4.1. 

4.1 Microbiome bipartite graph 

In fact, OTU table itself can be directly considered as a graph that represents a network showing 

alpha and beta diversity in and between several microbial samples. Nevertheless, correct 

identification of particular sets of entities and relations among them helps greatly for further graph 

refinements that are irreplaceable for meaningful analyses and human comprehensible 

visualizations. 

4.1.1 Graph definition 

An OTU table, which is P m × n matrix, is obtained as a result of sequence identification during 

OTU picking procedure. Each of m rows represents different OTUs and each of n columns 

represents different samples. Taxa as well as samples form together a set of entities that represent 

vertices of the graph describing a microbiome. Thus, the size of the set V from equation (2.1) is: 

 |𝑉| = 𝑚 + 𝑛. (4.1) 

All non-zeros values in the OTU table denotes relations between two entities. Thus, they represent 

edges connecting two vertices. Moreover, an edge can be established only between the vertex 

representing a taxon and the vertex representing a sample. Vertices between two taxa or two 

samples are not possible. Therefore, vertices can be divided into two disjoint sets in the way that 

only two vertices of different kind V1 and V2 can be connected by an edge e: 

 𝑉 = 𝑉1 ∪ 𝑉2, 𝑉1 ∩ 𝑉2 =  ∅ and ∀𝑒 = {𝑢, 𝑣}, 𝑒 ∈ 𝐸: 𝑢 ∈ 𝑉1 ∧  𝑣 ∈ 𝑉2, (4.2) 

where V1 stands for the set of taxa and V2 stands for the set of samples. This equation corresponds 

to the definition of a bipartite graph. Sets V1 and V2 are called partitions. 

Biadjacency matrix B, which represents a bipartite graph, can be inferred by a simple 

binarization of an OTU table P in a way: 

 𝐵𝑖,𝑗 = {
0, 𝑃𝑖,𝑗 = 0

1, 𝑃𝑖,𝑗 > 0
 (4.3) 

that connection between ith OTU and jth environment is created when ith OTU occurs in jth 

environment. Such a matrix fully represents a graph that stands behind a microbial bipartite 

network. It can be further processed by common bioinformatics and graphs tools or languages 

used for bioinformatics and statistics. Possibly, it can be transformed into other matrix or list 

representations of graphs. Different representations are suitable for different tasks. For example, 

the adjacency matrix A of a bipartite graph is a sparse matrix from its definition: 
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 𝐴𝑟,𝑟 = (
0𝑛,𝑚 𝐵

𝐵𝑇 0𝑛,𝑚
), (4.4) 

where at least half of its elements are zeros. The total number of vertices r=m+n is given by 

the total number of taxa and samples. 

4.1.2 Additional preprocessing steps 

Before data transformation from an OTU table to a graph representation is done, additional 

transformation steps should be performed to ensure the following meaningful analysis. These 

steps should not change basic features of a graph; however, they should highlight hidden patterns 

that are not apparent from raw data themselves. 

Firstly, a desired taxonomical level has to be chosen by summation of OTU table rows 

belonging to the same taxonomic unit, e.g. a sum of all bacterial genera belonging to the same 

class for a graph capturing occurrence of bacterial classes in different samples of whole microbial 

network. The choice of a higher taxonomic level reduces a number of nodes making the network 

visualization much clearer. As already stated, amplicon sequencing of one or two variable regions 

of the 16S rRNA gene suffers from limited resolution and a whole OTU table contains hundreds 

or thousands of unidentified species or strains of various organisms. On the other hand, from 

genus up to phylum level, the whole network is usually easy to visualize as an informative graph 

drawing that highlights various features, mainly different communities of organism typical for 

particular samples or habitats and allows highlighting other parameters by coloring of vertices. 

While the number of unidentified sequences lowers with a higher taxonomic level, a part of OTUs 

remains always with unassigned taxonomy. This plays no role for large networks meant primarily 

for detection of extensive communities of microbes, however, it can be inconvenient for 

visualization of sparse graphs containing labels that are meant for identification of particular taxa 

by its name. Thus, the omission of unidentified OTUs may be desirable for selected applications. 

On the other hand, some specific pattern in microbiota composition can be lost. 

Secondly, another reduction of vertices can be done by merging samples. This is highly 

desirable for comparing different environments by visual inspection, e.g. gut microbiota of group 

without a treatment, group after a treatment, and a control group, where each group contains more 

than one sample. It is very common that every group consists of several biological replicates 

supporting reproducibility of the experiment. While processing of all replicates may serve as 

a control of reproducibility or as identification of outliers, it is convenient to reduce the amount 

of data for final presentation. A complete bipartite graph is usually difficult to work with because 

of its size. The use of a single representative value for each group reduces the problem. Biological 

data, including microbiota composition in various habitats, are typical for non-normal 

distribution [115]. The utilization of median value from all columns of an OTU table belonging 

to the particular group offers a simple way for merging samples. 

Although bipartite graphs represent sparse biological networks from its definition, the utilization 

of OTUs standing for genera or higher taxonomic levels may increase average degree of vertices 

against the whole OTUs network rapidly. Many of these edges are represented by low abundant 

OTUs that are in a given sample presented in only units of sequences. These weak connections 

can be considered as a background noise that can be filtered out during binarization of OTU table 
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if a threshold is applied. In this case, Boolean biadjacency matrix B contains non-zero elements 

only for taxa, whose abundance in a given sample or group reaches the threshold t: 

 𝐵𝑖,𝑗 = {
0, 𝑃𝑖,𝑗 ≤ 𝑡

1, 𝑃𝑖,𝑗 > 𝑡
 (4.5) 

for 1 ≤ 𝑖 ≤ 𝑚 and 1 ≤ 𝑗 ≤ 𝑛. 

Different samples, even samples representing biological replicates from the same 

environment have different sequencing depths. Therefore, the threshold should be applied on 

a normalized OTU table that reduces uneven sequencing depth. A very simple normalization 

based on relative rather than absolute abundance is usually sufficient: 

 𝑃_𝑟𝑒𝑙𝑖,𝑗 =
𝑃𝑖,𝑗

∑ 𝑃𝑘,𝑗
𝑚
𝑘=1

. (4.6) 

 

Although the Boolean biadjacency matrix B is suitable to filter the weakest connections, 

it is not able to distinguish the strength of the remaining relations. Rating edges according to 

the relative abundance of an OTU across samples/groups helps to reveal the hidden patterns in 

the microbiota composition. This approach provides suitable results for showing the common and 

unique parts of microbiota composition for different samples/groups, because all the taxa are 

given the equal priority that is independent of the abundance of the taxon. A weighted biadjacency 

matrix W can be calculated as: 

 𝑊𝑖,𝑗 = 10
𝑃_𝑟𝑒𝑙𝑖,𝑗

max (𝑃_𝑟𝑒𝑙𝑖)
, (4.7) 

where the weight of the edge ranges from 0 to 10. This value serves mainly for the final layout 

computation, in which the value corresponds to a thickness of an edge. Possibly, it may be used 

during computations for community detection and other features of the graph representing 

microbial network. 

4.1.3 Community detection 

Detection of main communities forms a powerful tool for analysis of various real-world networks, 

or graphs standing behind these networks, respectively. The aim of detection is to find clusters of 

vertices that are densely interconnected by edges within the cluster, while sparsely connected to 

other clusters. An overall graph/network density is defined as: 

 𝜌 =
2|𝐸|

|𝑉|(|𝑉| − 1)
, (4.8) 

where |V| and |E| are numbers of vertices and edges, respectively. It ranges from 0 to 1 (for 

complete graphs). However, from definition of a bipartite graph and its adjacency matrix in (4.4), 

it is evident that density of bipartite graphs can reach the value of 0.5 at maximum. In microbial 

networks, the density is usually even lower due to taxa unique for a single environment. 

Additionally, the value is lowered by application of threshold t described in (4.5). Therefore, 

the graph density may vary after various preprocessing steps, mentioned in the previous chapter, 
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are applied to the graph representing analyzed network. On the other hand, these steps should not 

affect particular communities in the network, i.e. local densities of particular communities should 

remain similar. The parameter evaluating such a feature can be found in modularity Q, presented 

in (2.7), which is the most widely used criterion for community detection implemented in many 

community detection algorithms. 

The very advantageous feature of a bipartite graph lies in the interconnection of both sets 

(OTUs and samples) into the common layout. Therefore, no specialized community detection 

algorithm for a bipartite graph is needed in case partitions should be clustered together into 

communities containing both of them. This is not possible for a direct visualization of an OTU 

table in a heatmap, where both partitions are clustered by a separate clustering procedure. Such 

an example has been already shown in Fig. 1.10. Although OTUs and samples are both clustered 

by the same hierarchical clustering method, clustering is applied on both sets separately and 

results in the final layout of the heatmap, which is product of biclustering (separate clustering in 

both directions). On the contrary, clusters containing both partitions, i.e. various microbial 

communities related directly to a group of samples, can be inferred using a single community 

detection algorithm applied to the whole graph. There is a wide range of techniques that can be 

used to highlight various communities. 

Community detection in a whole OTU network requires application of very fast 

algorithms as these networks contain at least tens of thousands of nodes even for relatively 

conserved environments, i.e. samples with low α diversity. This number can rapidly grow to 

hundreds of thousands of nodes when samples from diverse environments are mixed together into 

a single network that consists of many samples with high α diversity each and low overall 

β diversity. Thus, the use of computationally efficient heuristic algorithms may be necessary. 

Detection algorithms 

One of the fastest algorithms ‘Fast unfolding of communities in large networks’ by Blondell 

et al. [100] is directly implemented in Gephi and takes into account also weights of edges. 

The efficiency of the algorithm is caused by a simple calculation of modularity gain ∆Q caused 

by moving particular isolated nodes into the community C: 

 ∆𝑄 = [
Σ𝑖𝑛 + 2𝑘𝑖,𝑖𝑛

2𝑚
− (

Σ𝑡𝑜𝑡 + 2𝑘𝑖

2𝑚
)

2

] − [
Σ𝑖𝑛

2𝑚
− (

Σ𝑡𝑜𝑡

2𝑚
)

2

− (
𝑘𝑖𝑛

2𝑚
)

2

], (4.9) 

where Σ𝑖𝑛 is the sum of the weights of the edges inside the community C, Σ𝑡𝑜𝑡 is the sum of the 

weights of the edges incident to nodes in C, ki is the sum of the weights of the edges incident to 

node i that is moved to the community C, ki,in is the sum of the weights of the edges from node i 

to nodes in C and m is the sum of the weights of all the edges in the network. The algorithm works 

in two main steps, which repeat several times. The first step evaluates the gain in modularity by 

moving the nodes among communities. At the beginning, every node forms its own community. 

If moving a node from its own community to another results in the modularity gain, the node is 

moved; otherwise, it remains in its own community. The step ends when no other gain of 

modularity can be achieved. In the second step, the new network is built from the detected 

communities in the way that every original community is presented as a new node. The weights 

of the edges between the new nodes are given by the sum of the weight of the edges between 

nodes in the corresponding two original communities. The first step is reapplied to this new 
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network. Possibly, the first step is stopped every time when the modularity gain is below the given 

threshold. Not only brings this another computational savings but it allows to set a resolution level 

on which communities are detected [227]. Therefore, the overall number of detected communities 

may be adjusted according to an input parameter. This feature is very advantageous in cases, 

where communities detected in microbial network are compared to clusters detected by 

hierarchical clustering of OTU table. 

Abovementioned algorithm and many others are implemented in R package igraph [109] 

that represents a powerful tool for the community detection. 

‘Edge betweenness’ algorithm aims on edges rather than nodes and creates communities 

by iterative removing of edges. The main decision criterion for an edge removal can be found in 

betweenness centrality CB: 

 𝐶𝐵(𝑒) = ∑
𝜎𝑠𝑡(𝑒)

𝜎𝑠𝑡
𝑠≠𝑡

, (4.10) 

where 𝜎𝑠𝑡 is the total number of shortest paths from node s to node t and 𝜎𝑠𝑡(𝑒) is the number of 

those paths that pass through e. Edges with high CB are removed firstly and the overall number of 

removed edges, and thus the number of communities created, is optimized by modularity 

function [101]. Possibly, weights of edges can be taken into account. 

Unlike the two abovementioned algorithms, community detection by ‘label 

propagation’ does not move directly with edged, nor nodes. It starts with a random assignment 

of a label to every node. During following iterative steps, a randomly selected node is assigned 

the label that is the most abundant among nodes in its neighborhood. This procedure stops when 

every node has a label determined by its neighborhood. At the end, a modularity score is 

calculated for determining the quality of detected communities. Unlike the original method [103], 

algorithm implemented in igraph can work with weighted edges too. 

‘Walktrap’ community detection [105] is based on a random movement of a point along 

edges of a network. The method presumes that random short movements of a point along edges 

have a tendency to remain inside the community. Distances between particular nodes determined 

by iterative moving of points are used for hierarchical detection of communities. Moreover, edge 

weighting may be used as a probability with which the edge is selected for the movement of 

the point. 

While all four previously mentioned methods were heuristic and contained some random 

element, the ‘leading eigenvector’ [107] method detects communities utilizing direct 

optimization of modularity matrix by calculating leading eigenvector. In the first step, the leading 

eigenvector of a modularity matrix is derived. In the second, edges corresponding to positive 

values of the vector are assigned to the first community, remaining edges to the second 

community. This step is iteratively repeated until leading eigenvector contains negative values. 

The method of ‘optimal distribution’ [109] of communities tries every possible 

combination of nodes in communities and selects the one with maximum modularity. 

The computational demands of this method are very high since it is a brute force algorithm. 

Therefore, the detection of communities inside a network of more than 50 edges is problematic. 
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Separate detection in both partitions 

Although detected communities that contain OTUs corresponding to a sample or an environment 

present an ideal result, direct detection of biclusters is also possible. Such a result can be used for 

a direct comparison to biclusters inferred by hierarchical clustering of an OTU table in both 

directions or just simply to reveal relations between group of OTUs and group of samples. 

Visualization of biclusters is problematic for a number of edge crossings and matrix 

representations of particular biclusters in a standard layout [228]. Such a representation 

corresponds to a direct visualization of an OTU table as a heatmap. For those reasons, only little 

attention was paid to the detection of biclusters using graph theory techniques. Nevertheless, 

Guimera et al. [111] proved no difference between detected biclusters using projection of bipartite 

graphs and modularity maximization and using bimodularity maximization, i.e. alternative 

function of modularity designed for bipartite graphs. This means than any community detection 

algorithm based on modularity maximization can be used for separate detection of communities 

in both partitions when the projection of the original bipartite graph is used. 

The projection of particular partitions, P and S, results in two different graphs. Projection 

of the partition P in the graph 𝐺 = (𝑃 ∨ 𝑆, 𝐸) is the graph 𝐺𝑃 = (𝑃, 𝐸𝑃), where two nodes 𝑖, 𝑗 ∈ 𝑃 

are connected by an edge if they have at least one common neighboring node in S. Similarly for 

projection of S. These projections can be unweighted or weighed by a number of common 

neighbors. Weighted projections are considered to be more representative [229]. For 

the adjacency matrix A of the graph GP applies: 

 𝐴𝑖,𝑗 = {

 1   |
 1   |
 0   |

|𝑁(𝑖) ∩ 𝑁(𝑗)| ≥ 1    

   𝑢 ∈ 𝑁(𝑖): |𝑁(𝑢)| = 1
  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                  

  , (4.11) 

where N(i), N(j), N(u) are neighborhoods of nodes i, j, u. The intersection of neighborhoods 

denotes the weighs of edges W: 

 𝑊𝑖,𝑗 = |𝑁(𝑖) ∩ 𝑁(𝑗)|, 𝑖 ≠ 𝑗. (4.12) 

 

4.1.4 Network visualization 

Although visualization of a microbiome bipartite graph does not bring any additional knowledge 

itself, informative layout helps highlighting various features of the data or knowledge gathered 

during preprocessing steps and community detection. Rather than providing quantification of 

visualization quality, I would like to suggest several simple rules that subjectively result in 

informative and easily understandable layouts. Statistical evaluation of the quality of 

the presented drawings is matter of particular graph visualization methods and does not directly 

relate to the proposed technique for the reconstruction of microbial networks. 

Nodes from different partitions should be distinguished. There are several possibilities to 

do so, for example by shape, size, or color. Combining different shapes may be informative; on 

the other hand, it may spoil the overall layout. I suggest differentiating the partitions by simply 

using the different size of nodes. Preferably, in a way that partition containing lesser amount of 

vertices is represented by larger nodes, no matter which partition, OTUs or samples, it is. 
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Edges in a bipartite microbial network reconstructed according to the proposed rules are 

weighted. These weights can be directly visualized by thickness of the lines representing edges. 

This introduces a direct visualization of quantitative information as thickness of a line represents 

relative abundance of a taxon in a sample. Due to the high number of edge crossings that are 

typical for bipartite graphs [230], drawing edges as arcs rather than straight lines may help to 

better follow the links between nodes to the naked eye. Force-directed layout algorithms can help 

to achieve the most informative drawings. 

Detected communities can be highlighted by different colors. Nodes belonging to the 

same community should be of the same color corresponding to the color of a link connecting these 

nodes. Links connecting nodes from different communities should be colored by a drab color that 

does not correspond to any color used for communities. 

4.2 Results and discussion 

Results of transformation steps proposed in the previous chapter, including their statistical 

evaluation, are demonstrated on several datasets in the following sections. 

4.2.1 Basic transformation and network drawing 

The following results are presented using an unpublished dataset containing my own gut 

microbiome. This dataset was only created for my personal use to find out a possible infection by 

Helicobacter pylori. Nevertheless, inspired by Nobel’s prize laureate Barry Marshall, who proved 

the link between H. pylori and stomach ulcers by drinking a broth containing the bacterium [113], 

I cannot miss the opportunity to present my method using my own body, which fortunately does 

not contain the bacterium. 

The library of V3/V4 variable regions of 16S rRNA gene was not sequenced with a great 

depth and contained only 1540 non-chimeric sequences of sufficient quality. Moreover, 

73 sequences formed singleton OTUs, i.e. an OTU represented by a single sequence, when 

UCLUST at 97% sequence similarity was used during OTU picking. In total, 186 OTUs were 

detected with open reference clustering. While 170 OTUs were inferred during close reference 

clustering against Greengenes database, remaining 16 OTUS were formed de novo. The resulting 

microbial network is shown in Fig. 4.2 A. The network was drawn using a random layout, which 

is very uninformative because of an enormous number of overlapping nodes. Moreover, links 

represented by straight lines crossed other nodes and are unweighted because the partition 

containing samples was formed by a single node. Even though any additional analyses are not 

possible for networks consisting of a single sample, the drawing can be highly improved by 

removing singletons, by reducing a number of crossing edges using force-directed layout, and by 

distinguishing between nodes from different partitions, see Fig. 4.2 B. Removing singletons is 

equal to application of the threshold t introduced in (4.5). 

On the other hand, remaining 113 non-singleton OTUs formed a network that was still 

too large for labeling every node. Moreover, more than a half of remaining OTUs were 

represented only up to five sequences. Thus, it is advantageous to look at the microbiome from 

higher taxonomic level. All detected OTUs can be grouped into 19 bacterial families from which 

only two families remained unidentified. Such a reduction of nodes allowed labeling of nodes as 

presented in Fig. 4.2 C. 
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Fig. 4.2 – Microbiome of Karel Sedlar 

Visualized bipartite network of a single sample representing gut microbiome of 

the author of the thesis. As all OTUs are given the same priority according to 

the proposed transformation, no edge weighting can be applied. (A) The network of 

all detected OTUs is drawn using random layout. (B) The network of non-singleton 

OTUs is drawn using force-directed layout. (C) The network of bacterial families with 

labels. Although two families remained unidentified, their identification was possible 

at least on the higher taxonomical level (order). 

The main purpose of a microbial network is to capture and identify communities of 

microbes in an environment that is explored by more than a single sample. This allows full 

utilization of the proposed transformation, including edge weighting. A model situation can be 

introduced by adding two additional random samples. While sample random 1 has a comparable 



70 

 

number of sequences, precisely 1944, sample random 2 has higher coverage of 5982 sequences. 

Although all samples have a comparable number of observed species, coefficients of α diversity 

suggest random 2 have lower diversity with a dominant taxon. Remaining samples are 

characterized by higher equitability, see Tab. 4.1. 

Tab. 4.1 Alpha diversity of three samples 

sample observed species Chao1 Shannon Simpson 

Karel Sedlar 186 255 5.748 0.956 

random 1 178 270 5.533 0.951 

random 2 180 182 3.309 0.712 

 

The microbial network of these three samples and bacterial families they contain is 

presented in Fig. 4.3. Edge weighting was applied and taxa with relative abundance lower than 

0.5 % were filtered out. 

 

Fig. 4.3 – Microbial network of three samples 

Visualized bipartite network of three samples. Color coding determines detected 

communities by fast unfolding algorithm. These communities (red, blue, and green) 

are formed by samples and their bacteria. Edges colored differently connect nodes 

from different communities. 

 

The use of filtering by 0.5 % threshold reduced the number of visible taxa from 35 to 22. 

This is an advantageous step as all taxa have the same priority. Low abundant taxa are usually 

connected to a single sample and their weights are therefore at maximum value. Although some 

of them may have an important biological influence, the network drawing is not able to detect nor 

highlight such fact and higher number of nodes makes network only less informative. 

The reduction of visible nodes affects also alpha diversity. However, reconstructed 

bipartite network has only descriptive, not predictive, function. Although Chao1 coefficient 

suggests random 2 have lower amount of taxa, the number of observed species is comparable for 
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all three samples. In a similar way, the number of observed bacterial families in the presented 

network, formed by neighborhoods of nodes representing samples, is comparable for all samples. 

While neighborhoods of samples Karel Sedlar and random 1 are formed by 15 taxa, the 

neighborhood of samples random 2 contains 16 taxa. 

In the partition of bacterial families, seven nodes have degree equal to one. These families 

are unique to a single sample. Other six nodes have degree equal to two. Remaining nine nodes 

are shared by all samples, i.e. their degree is equal to three. The network clearly shows that 

equitability of samples Karel Sedlar and random 1 is high because edges connecting shared nodes 

representing bacterial families are thick, i.e. have high weights. On the contrary, weights of edges 

connecting random 2 and shared bacterial families are low with the exception of node 

representing family Streptococcaceae. This suggests Streptococcaceae form highly abundant 

taxon that is responsible for lower equitability of random 2 confirmed by lower Simpson index. 

This is correct because relative abundance of Streptococcaceae in random 2 is more than 57 %, 

while its abundance in remaining samples is around 1 %. 

 

4.2.2 Merging samples 

Although community detection algorithm found three communities in the network presented in 

Fig. 4.3, the overall layout suggests samples random 1 and Karel Sedlar have higher β diversity 

as they are relatively close to each other. The remaining node representing random 2 shares less 

nodes with remaining samples, has high number of unique taxa and is placed farther from 

remaining samples. Although this can be used for direct visualization of β diversity similarly to 

PCoA dimensionality reduction using UniFrac distance, only taxa reaching selected threshold are 

used for data visualization. Therefore, results may slightly differ. On the other hand, relations 

between samples and taxa are directly visible and shared taxa are easily identified. Moreover, this 

can be used for direct comparison of groups of related samples. 

To demonstrate the possibilities of merging samples, a real dataset covering different 

environments by several samples each is needed. A suitable example can be found in already 

mentioned dataset from study ‘Characterization of Egg Laying Hen and Broiler Fecal Microbiota 

in Poultry Farms in Croatia, Czech Republic, Hungary and Slovenia’ [33]. The dataset consists 

of V3/V4 variable regions of 16S rRNA genes from 45 samples. Those samples cover gut 

microbiota of hen and broilers from different farms. Moreover, some environments are covered 

by five samples and some by 10 samples. Similarities and differences among samples were 

already presented in PCoA plot in Fig. 1.16. The figure shows that samples from particular 

environments are relatively conserved with the single exception of broilers from Hungarian farm, 

which are scattered across whole PCoA plot. This is also visible from bar plot showing relative 

abundance of bacterial families in 45 samples, see Fig. 4.4. While bars representing samples from 

the same environment are usually highly similar, relative abundances of bacterial families in 

Hungarian broilers samples differ substantially in abundances of several families. For example, 

relative abundance of family Bacteroidaceae reaches 20 % in some samples while is almost zero 

in other samples.  
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Fig. 4.4 – Relative abundance of microbial families 

Samples are arranged in a way that five or 10 adjacent samples originate from the 

same environment. The most common bacterial families are indicated. 

1: Lactobacillaceae, 2: Ruminococcaceae, 3: Bacteroidaceae, 4: Helicobacteraceae, 

5: Peptostreptococcaceae, 6: Streptococcaceae, 7: Campylobacteraceae, 8: Barne-

siellaceae, 9: Lachnospiraceae, 10: Enterobacteriaceae, 11: Pasteurellaceae, 

12: Staphylococcaea, 13: Xanthomonadaceae, 14: Pseudomonadaceae, 15: Clostri-

diaceae, 16: Veilonellaceae, 17: Prevotellaceae, 18: Corynebacteriaceae, 

19: Bacteroidaceae. SLO: Slovenia, CRO: Croatia, CZE: Czechia, HUN: Hungary, 

Hen: samples from egg laying hens, Bro: samples from broilers. My colleagues and I 

presented this bar plot in the supplement of study by Videnska et al. [33]. 

 

Although bar plot offers detailed view of particular samples, it is unsuitable for fast and 

informative comparison of samples. On the contrary, PCoA plot offers informative comparison 

of samples without showing common and unique taxa. Bipartite networks allow visualization that 

is mixture of both. Complete microbial network consists of 163 nodes and 1531 edges, see 

Fig. 4.5. Although the relatively high number of nodes makes it harder to label nodes representing 

taxa in the static figure, label may be explored interactively in graph visualization and 

manipulation tools, e.g. Gephi or Cytoscape. The majority of taxa is shared among several 

samples from various environments. The average degree of node within the network is 18.785. 

However, nodes from different environments tend to have strong connections to different taxa. 

This is clearly visible thanks to edge coloring corresponding to coloring of environments. 

The overall layout of the network corresponds to PCoA plot in Fig. 1.16 and for example allows 

fast identification of outlying sample from one Czech egg laying hen or generally high diversity 

in samples from Hungarian broilers. Unlike the PCoA plot, interactive exploration of the network 

can help to directly identify taxa that are responsible for these differences among samples. 
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Fig. 4.5 – Complete microbial network of 45 samples 

Visualized bipartite network showing all 45 samples and bacterial families they 

contain. Color coding of nodes representing samples corresponds to coding used for 

PCoA plot from Fig. 1.16. Nodes representing bacterial families are grey. 

Although interactive exploration may be highly informative, it is not suitable for final 

presentation of comparative analysis among different environments in a static figure. Simple 

merging using median value, proposed in the beginning of this chapter, provides an effective way 
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for data reduction, regardless uneven sampling of different environments. The resulting network 

of six environments is visualized in Fig. 4.6 and was also presented in the supplement of study by 

Videnska et al. [33] that I have co-authored. 

 

Fig. 4.6 – Microbial network of six environments 

Visualized bipartite network showing six analyzed environments and bacterial 

families they contain. Color coding of nodes representing environments corresponds 

to coding used for the microbial network of all samples. Nodes representing bacterial 

families are grey. My colleagues and I presented this network in the supplement of 

study by Videnska et al. [33]. 

Although no threshold was applied, the number of nodes representing taxa was reduced 

from 118 to 68. This is caused by merging samples, which used median value of samples from 
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the same environment. Therefore, only taxa that were present in at least half of samples were 

introduced in the final layout. Not only reduced this the number of nodes, but the number of edges 

was considerably lowered from 1531 to 191, too. Due to this reduction, average degree of nodes 

in the new network was only 5.162. Nevertheless, this number did not represent the network 

correctly. While the degree of nodes representing taxa ranged from one to 18, degrees of nodes 

in the second partition were between 16 and 52. This information could have been highlighted by 

coloring edges according to an environment. Neighborhoods of particular environments, 

represented by taxa, were clearly visible as links between nodes were easy to follow thanks to 

colors and weights. 

By adding labels to nodes, one can easily assume that microbiomes of hens were more 

diverse than those of broilers. This could have been summarized in the network comparing these 

two environments, see Fig. 4.7. Me and my colleagues presented such network for the first time 

in the conference paper by Sedlar et al. [115]. While the degree of hen vertex was 43, the degree 

of broiler vertex was only 18, which means that hen microbiome consisted of 43 different bacterial 

families, while broiler microbiome consisted of only 18 bacterial families. 

 

Fig. 4.7 – Bipartite network showing bacterial families in broilers and hens 

Bipartite network showing bacterial families in broilers and hens. Neighborhoods of 

nodes representing broilers and hens are drawn in blue and red, respectively. Nodes 

representing bacterial families are grey. My colleagues and I presented this network 

in the conference paper by Sedlar et al. [115]. 
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4.2.3 Communities in microbial networks 

Merging samples from the same environment utilized previously known information. 

Nevertheless, in some cases, samples can be obtained from the same environment that can be still 

divided into several communities. This can be applied for examples on samples obtained from 

time-series experiments. The situation can be demonstrated on dataset containing microbiota 

composition in egg-laying hens during 60 weeks of their life, gathered during the study 

‘Succession and replacement of bacterial populations in the caecum of egg laying hens over their 

whole life.’ [30]. The unevenly sampled dataset of the first experiment of this study consists of 

samples from 16 time-points between the first and 60th week of life of hens. Samples contain 

V3/V4 variable regions of 16S rRNA gene of gut microbes. UniFrac analysis followed by PCoA 

was used for visual presentation and dimensionality reduction. The data were classified into four 

clusters by Ward’s hierarchical clustering using Mahalanobis distance. Comparing the clusters to 

area flowcharts representing abundance of different taxa together with biological considerations, 

four main stages of microbiota development represented by four clusters were determined. 

The results of dimensionality reduction and hierarchical clustering are shown in Fig. 4.8. 

 

Fig. 4.8 – Clustering of time-series samples 

(A) 2D PCoA plot of 16 samples using weighted UniFrac distance. Coordinates 

explains 58% and 13% of original data variability. (B) UPGMA clustering with 

Mahalanobis distance performed on PCoA data. Four developmental stages of 

microbiome (yellow, blue, red, and green) were detected. 

The first stage was associated with the first week and was characterized by a high 

presence of the representatives from the phylum Proteobacteria, see Fig. 1.12 B. The second 

stage of cecal microbiota development was recorded in chickens 2 – 4 weeks of age. This stage 

was characterized by a drop in Proteobacteria to less than 10% by week 2 of life and by nearly 

absolute dominance of the representatives of phylum Firmicutes. The third stage was 

characteristic for chickens 2 – 6 months of age. During this stage, a gradual succession of 

the representatives of Firmicutes and their replacement with the representatives of Bacteroidetes 

was observed. The fourth stage was characteristic of hens older than 7 months. Cecal microbiota 

of this age category was formed mainly by representatives from Firmicutes and Bacteroidetes, 

each of them forming approx. half of the total microbiome. 

Another two additional experiments were done within the study. In the second 

experiment, short-term development of cecal microbiota was observed in newly hatched chickens. 
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Three chicks were sacrificed on days 4, 7, 10, 13, 16, and 19. Abundances of bacterial families in 

this period are shown in Fig. 1.12 A. The third experiment verified the long-term experiment. 

Three chickens or hens were taken from the flock, sacrificed at weeks 3, 7, 16, 28, 40, and 52. 

The whole dataset consists of 52 samples and its complete bipartite network, introduced by me 

and my colleagues in the study by Sedlar et al. [96], is presented in Fig. 4.9. The absolute values 

of OTU table were transformed into relative counts to normalize the data. 

 

Fig. 4.9 – Complete bipartite network of 52 samples 

Complete bipartite network of all samples from the study by Videnska et al. [30] and 

OTUs they contain introduced in study by Sedlar et al. [96]. The total number of 

18,505 nodes, interconnected by 37,356 edges, is divided into four communities 

(yellow, blue, red, and green) by algorithm of fast unfolding of communities. Color 

coding respects four developmental stages. 
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The community colored in yellow consisted mainly of samples from hatched chickens, 

i.e. from the second experiment. Blue, red, and green community corresponded to the second, 

the third, and the fourth stage. The network drawing contained several clusters of nodes with 

a low degree. These were mostly nodes connected only to a single environment. Unfortunately, 

these nodes repulsed nodes with a high degree that represented samples. Although this repulsion 

did not affect community detection, the resulting comet shape of the graph together with 

an enormous number of edges make visualization unclear and prevent capturing the labels of 

the vertices. Even manual inspection of particular parts of the network is problematic for such 

large networks and the purpose of the presented workflow is to visualize the data to the naked eye 

without the need for additional steps. Therefore, the data reduction is needed before community 

detection and graph presentation is done. 

A simple normalization by the use of relative counts is sufficient and suitable way for 

OTU table preprocessing, because of following edge weighting and data reduction by sample 

merging. Due to different sequencing depths and different composition of the microbiota between 

the different stages of the lives of the hens, rarefaction may transform the data in an inappropriate 

way by removing the differences between samples. The fact that the simple normalization and 

reduction do not affect the results of the analysis while improving the overall layout can be 

supported by exploring the network on several taxonomic levels. The results presented in study 

by Sedlar et al. [96], are summarized in Tab. 4.2. 

Tab. 4.2 Parameters of reconstructed networks on several taxonomic levels 

 
whole 

OTU 
genus family order class phylum 

no. of vertices 18,503 280 139 98 73 66 

no. of edges 37,356 5,776 2,268 1,155 656 407 

average degree 4.037 41.257 32.633 23.571 17.973 12.333 

graph density <0.001 0.148 0.236 0.243 0.250 0.190 

average path length 3.713 2.118 2.042 2.053 1.916 1.960 

modularity 0.577 0.281 0.287 0.303 0.288 0.263 

no. of communities 4 4 4 4 4 4 

 

While moving to higher taxonomic levels reduced only the number of nodes from the 

partition representing taxa, the division of nodes from the partition representing samples remained 

satisfactorily consistent. In the yellow cluster, representing stage one, 89.5% of nodes 

representing samples remained the same during reduction using higher taxonomic levels. 

The consistency of blue cluster, representing the second stage, was 88.9%. The remaining two 

clusters, red and green, representing the third and the fourth stage, were even more conserved 

when 95.4% and 100% of nodes remained in the original cluster. The low consistency of yellow 

and blue cluster was caused by their overlap and by smaller size of the first cluster. 

Due to the high number of unidentified OTUs in a whole OTU table caused by a limited 

resolution of V3/V4 variable region of 16S rRNA gene, the most noticeable difference was 

captured between the whole OTU graph and the genus graph, when the number of vertices was 

reduced 66×, to 280 identified genera. At the same time the number of edges was reduced only 7×. 

Therefore, the average degree of nodes and the network density increased and the organization of 

the network is clearer. Although the modularity decreased considerably, four main communities 
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were still detected. Other moves to higher taxonomical levels caused additional reduction of nodes 

and edges, while modularity and detected communities remained similar. 

On the highest taxonomic level, the network consisted of 14 nodes standing for bacterial 

phyla and 52 nodes standing for samples. Relations between them were described by 407 edges, 

which was still a relatively high number. Nevertheless, another reduction of nodes and edges can 

be done by sample merging demonstrated in the previous sub-chapter. However, this time, all 

samples belong to the same environment and no a priori known information regarding the dataset 

can be used. On the other hand, a newly acquired knowledge about the division of samples into 

four communities can be used. By combining the samples according to the cluster they were 

assigned to using median value, the network was reduced to 15 nodes and 28 edges. The 

parameters of the network such as modularity (0.255), graph density (0.267), and average path 

length (1.886) remained more or less the same as in the network representing all the samples and 

repeated utilization of community detection revealed four communities around nodes representing 

stages, see Fig. 4.10. 

 

Fig. 4.10 – Network representing four stages of microbiota development 

Four detected communities detected around nodes representing samples from four 

stages. The color coding of particular communities (yellow, blue, red, and green) 

corresponds to the color coding used in Fig. 4.8. Other colors represent 

intercommunity links. 

The network represents the same pattern that was revealed using three different 

visualization techniques (PCoA-UniFrac plot, hierarchical clustering, and area plot) in a single 

figure. A direct connection of the first stage with phylum Proteobacteria and movement to 

the Firmicutes in the second stage is presented clearly to the naked eye as well as the most 

abundant phyla in the following stages. Additionally, higher similarity of the first two stages and 

two latter stages visible from the results of hierarchical clustering in Fig. 4.8 B is visible also in 

the force directed layout of the network, where nodes representing stages one and two are close 

to each other as well as nodes representing stages three and four. 

Although the reduction by combining samples from the same communities lowers the size 

of the network, for lower taxonomic levels, the application of threshold t introduced in (4.5) may 
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be desirable. This can be demonstrated using the network of four detected stages and their 

bacterial families. While the network contains 60 different bacterial families, a majority of them 

has very low relative abundance that did not exceed 0.5%, see Tab. 4.3 summarizing results from 

study by Sedlar et al. [96]. 

Tab. 4.3 Parameters of reconstructed networks using different threshold 

threshold 0 0.005 0.01 0.05 0.1 

no. of vertices 64 21 16 12 10 

no. of edges 156 33 25 16 10 

average degree 4.875 3.143 3.125 2.667 2 

graph density 0.077 0.157 0.208 0.242 0.222 

average path length 2.105 2.181 2.133 2.242 2.711 

modularity 0.224 0.338 0.340 0.377 0.411 

no. of communities 4 4 4 4 4 

 

The major reduction of the network from 156 to 33 edges was caused by the application 

of the very low threshold filtering families with lower than 0.5% relative abundance, because 

47 bacterial families did not meet that condition, see Fig. 4.11. Any further increases of 

the threshold resulted in additional reduction of the network and modularity increase. 

Nevertheless, fast unfolding of communities detected always four communities. This is caused 

by the fact presented already in Fig. 4.10, the average degree of nodes from the partition 

representing stages is higher than the average degree in general, and communities are therefore 

formed around stage nodes. Moreover, every taxon was given the same priority, determined by 

its relative abundance across the samples rather than by its relative abundance within samples. 

Thus, by a reduction of the edges connecting different communities coupled with an increasing 

threshold, the modularity was also increased. 

 

Fig. 4.11 – Network representing four stages and filtered bacterial families 

Only families exceeding 0.5% threshold of relative abundance are in the network of 

four stages. The color coding of particular communities (yellow, blue, red, and green) 

corresponds to the color coding used in Fig. 4.8. Other colors represent 

intercommunity links. 



81 

 

4.2.4 Comparison of algorithms for community detection 

In the previous sub-chapter, the microbial network was reconstructed from samples gathered 

during all three experiments. In the following analysis, only 16 samples from the first experiment 

were used for easier comparison to clustering presented in Fig. 4.8. Hierarchical clustering was 

applied to data reduced by PCoA. Here, the threshold filtering (t = 0.01) was applied to reduce 

the size of the graph representing the network, because the graph from complete OTU table with 

18,451 OTUs took more than 2.5 GB of memory to store and was hard to be processed by 

community detection algorithms. The resulting network contained 182 nodes and 509 edges and 

could have been processed by all community detection algorithms in reasonable time, except for 

the optimal distribution algorithm. While remaining algorithms were able to divide the network 

in less than a minute, optimal distribution algorithm was not able to find a suitable partitioning 

within 24 hours. The results are summarized in Tab. 4.4 and Tab. 4.5. 

Tab. 4.4 Summary of community detection by tested algorithms 

algorithm no. of communities modularity 

fast unfolding 4 0.353 

edge betweenness 3 0.293 

label propagation 2 0.029 

walktrap 4 0.335 

leading eigenvector 3 0.352 

optimal distribution NA NA 

 

Tab. 4.5 Detected communities by tested algorithms 

sample 

assigned community 

fast 

unfolding 

edge 

betweenness 

label 

propagation 
walktrap 

leading 

eigenvector 

w1 1 1 1 1 1 

w2 1 1 2 2 1 

w3 1 1 2 2 1 

w4 1 2 2 2 2 

w8 1 1 2 2 1 

w12 3 2 2 3 2 

w16 2 2 2 3 2 

w19 2 2 2 3 2 

w22 3 3 2 3 2 

w26 3 2 2 3 2 

w34 4 3 2 4 3 

w38 4 3 2 4 3 

w45 4 3 2 4 3 

w51 4 3 2 4 3 

w55 4 3 2 4 3 

w60 4 3 2 4 3 

 

Different algorithms provided different division. This corresponds to clustering of PCoA 

data, where the utilization of different metrics or clustering technique always leads to unique 

division of samples into clusters. Two algorithms detected four communities: fast unfolding of 

communities and walktrap algorithm. While the former provided the result with higher 
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modularity, the latter provided the result that was highly similar to hierarchical clustering using 

Mahalanobis distance. The only difference was in sample w8 being assigned to cluster2 (blue) 

instead of cluster3 (red). In addition to that clustering, algorithm for fast unfolding of 

communities merged yellow (w1) and blue cluster (w2, w3, w4) and moved samples w16 and w19 

to new unique cluster. Both of these divisions correspond relatively good to visualized data in 

PCoA plot in Fig. 4.8A. Algorithms using edge betweenness and leading eigenvector provided 

results with satisfactory modularity and three detected communities. This correspond to clustering 

of data by average linkage using Euclidean distance, where three well differentiated clusters are 

visible in dendrogram (data not shown). Nevertheless, both of these algorithm suggested illogical 

cluster to sample w4. The algorithm using label propagation failed to provide convincing division 

of the network. 

The analysis presented above was based on maximization of modularity in the network 

without distinguishing between two partitions. Detected communities combine nodes from both 

partitions. As already mentioned, bipartite graphs allow separate detection of communities in both 

partitions using maximization of bimodularity or by projection of the graph according to (4.11). 

The summary of community detection within the partition of samples using unweighted and 

weighted projections is presented in Tab. 4.6. 

Tab. 4.6 Summary of community detection in partition of samples 

algorithm 

unweighted projection weighted projection 

no. of 

communities 
modularity 

no. of 

communities 
modularity 

fast unfolding 1 0 2 0.111 

edge betweenness 1 0 1 0 

label propagation 1 0 1 0 

walktrap 16 0 2 0.111 

leading eigenvector 1 0 2 0.111 

optimal distribution 1 0 2 0.111 

 

Unweighted projection leads to complete loss of information. While walktrap algorithm 

assigned unique community to every sample, remaining algorithms included all samples into 

a common community. Both of these solutions had zero modularity. Similar results were obtained 

using weighted projection and community detection using edge betweenness and label 

propagation. Remaining algorithms found the solution with modularity 0.111. This division 

consisted of two communities dividing samples up to 26th week into one community and samples 

from 34th week to another. 

The results of community detection within a single partition confirmed uniqueness of 

the proposed transformation used for graph reconstruction that combines samples and taxa they 

contain into a single layout. Such an analysis is unavailable for an original OTU table that has to 

be clustered in both partition, samples and taxa, separately. Communities within a graph can be 

detected by several algorithms, which usually provides slightly different solutions, similarly to 

clustering algorithms applied to OTU tables. Although proposed graphs allow detection of 

communities in both partition separately, necessary projection of the bipartite graph lowers 

modularity of found solutions. 
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4.2.5 Highlighting additional information in networks 

Previous sub-chapters demonstrated reconstruction of various graphs, using threshold filtering, 

sample merging, community detection and suggested suitable visualization using force-directed 

layout and coloring of nodes and edges. Nevertheless, the final layout can highlight even more 

information, for example meaning of detected communities. The following network represents 

dataset of gut microbiome of several human volunteers. Samples were gathered using three 

sampling kits: SK1 – stool container, SK2 – FLOQSwab, and SK3 – cotton swab. DNA was 

isolated using two isolation kits: QS – QIAamp DNA Stool Mini Kit (Qiagen) and PS – 

Powerlyzer PowerSoil DNA Isolation Kit (MoBio). In study by Videnska et al. [231] presented 

as conference poster, my colleagues and I proved that Qiagen kit tends to isolate DNA better from 

Gram-positive and MoBio kits from Gram-negative bacteria. This information is directly visible 

from network visualization presented in Fig. 4.12. 

 

Fig. 4.12 – Network of sampling and isolation kits and bacterial families 

Only families exceeding 0.1% threshold of relative abundance are in the network. The 

color coding of nodes and edges highlights two detected communities by fast 

unfolding algorithm. Edges interconnecting nodes from different communities are in 

light grey. The color of labels code information about cell, red label indicates Gram-

negatives and blue label indicates Gram-positives. 

The red community consists of nodes representing merged samples processed by MoBio 

DNA isolation kit and bacterial families that are Gram-positive. The blue community is formed 

by nodes representing merged samples processed by Qiagen DNA isolation kit a mostly by 

bacterial families that are Gram-negative. 
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4.3 Summary 

The methodology and results presented in the chapter four corresponded to the first objective of 

the thesis – to develop a method for an analysis of targeted sequencing data using graph and 

network algorithms. 

Although graph representation of microbial networks and communities was already 

known, it was considered to be only a simple visualization technique without any possibility of 

an additional analysis. The methodology introduced in this thesis brings strict rules for 

transformation of an OTU table into a bipartite graph representing a microbial network. This 

unique procedure is able to preserve qualitative and quantitative information and allows additional 

filtering steps to be applied. The same priority given to every taxon brings the possibility of 

comparing samples from various environments and studies. Division of networks and 

identification of different microbial communities typical for an environment or a group of samples 

can be done by several algorithms utilizing modularity of networks. Extensive possibilities of 

color coding can highlight various information hidden in data. 

Even though application of filtering steps reduces alpha and beta diversity directly visible 

from the graph visualization, the unique way of edge weighting and utilization of force-directed 

layout for network presentation preserves similarities and differences between samples, when 

more similar samples are placed closer to each other in the layout. Moreover, highly similar 

samples are usually assigned the same community based on division of a network using its 

modularity. The result corresponds to visualization of an OTU table using PCoA and application 

of clustering techniques. Due to the higher degree of nodes from partition of samples, 

communities are detected around these nodes. Therefore, not only are relations between samples 

visible but also the source of these similarities and differences is identifiable in common and 

unique taxa for different samples. Direct connection of samples and taxa by edges makes such 

visualization much more informative than PCoA biplot. Finally, presented bipartite graphs allow 

merging of selected samples into nodes representing different environments or developmental 

stages in time-series data. 

While biclustering, i.e. separate clustering of samples and taxa is possible, it is 

the combination of both partitions, samples and taxa, within the common layout and their 

common clustering, which makes the presented method unique. Direct visualization of an OTU 

table in a heatmap, nor PCoA biplot can provide such informative and human comprehensible 

results. 

Presented methodology and results were demonstrated using data from several 

microbiological studies published in prestigious scientific journals that I co-authored, especially 

studies of gut microbiome [30, 33], and unique data of my own microbiome. The main part of the 

methodology was introduced during BIBM 2015 conference [115] and published in Evolutionary 

Bioinformatics journal [96]. A range of additional results of this methodology was also presented 

in diploma thesis I have supervised by Marcela Safarova [232]. 
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5 METAGENOMIC SIGNAL BINNING 

The following chapter is dedicated to processing of whole metagenome shotgun data. The main 

problem of processing short parts of various genomes lies in their division into clusters, 

i.e. binning, which represents the base for additional analyses resulting in biological knowledge 

inference. Different alignment independent techniques use diverse transformations of sequences 

into feature vectors, as presented in the theoretical part of this thesis. Unfortunately, such 

a transformation of character sequence into several numeric parameters is cumbersome. I see 

a great potential in utilization of signal processing techniques for fast and efficient description of 

biological sequences. Only a simple additional step of a sequence transformation into a signal, 

e.g. using the techniques presented in the second chapter, is needed [116]. 

 

Fig. 5.1 – Principles of metagenomic signals binning 

Flowchart describing proposed workflow. Every main step allows utilization of 

several different techniques for data transformation, clustering, and visualization. It is 

implementable in any scripting language according to the preference of users. 

Binning methods themselves are not individual clustering algorithms but rather a unique 

combination of data transformation, clustering, dimensionality reduction, and visualization 

techniques. The method I introduce in this thesis meets this definition and combines selected 
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numeric maps and signal parameters with standard clustering techniques in a novel and unique 

way. The whole workflow is presented in Fig. 5.1. Possibly, the sequence transformation may be 

omitted when a native current signal from nanopore sequencing is used. 

5.1 Signal features and clustering 

Genomic signal processing is a relatively broad field of bioinformatics. Surprisingly, despite of 

efficient mathematical operations related to signal processing, its utilization in metagenomics 

currently does not exist. 

5.1.1 Numeric maps and signals 

The equation (2.13) specifies a numeric map that assigns real numbers to nucleotides {A, C, G, 

T} in a sequence. The signal representation is called a phase signal, because this mapping is based 

on a phase of complex numbers derived from the projection of nucleotide tetrahedron. 

Tetrahedron is a 3D object; therefore, there are three possible projections in directions of axes x, 

y, and z, see Fig. 2.4. The projection {π/4, -3π/4, 3π/4, -π/4} represents such a rotation of the 

tetrahedron that takes into account purine-pyrimidines (R-Y) and strong-week (S-W) chemical 

properties of nucleotides. Remaining projections {3π/4, -3π/4, π/4, -π/4} and {3π/4, -3π/4, -π/4, 

π/4} represent R-Y and amino-keto (M-K) properties and S-W and M-K properties, respectively. 

Thus, three different phase signals can be derived from the original character sequence. 

The conversion of a character sequence can be done in linear time and the reverse transformation 

is also possible. Additionally, unlike the original sequence, signal representation allows 

application of spectral analysis and other signal description techniques. 

Phase signal itself is a representation of DNA sequence that does not highlight any 

additional information, for example ratio of groups of nucleotides with similar chemical 

properties. These features can be easily highlighted by a cumulative sum of phases. The resulting 

signal is referred to as a cumulated phase accordingly. The value of a cumulated phase, using 

projection representing R-Y and S-W chemical properties, for a current nucleotide n can be 

calculated as: 

 𝜃𝐶 =
𝜋

4
[3(𝑛𝐺 − 𝑛𝐶) + (𝑛𝐴 − 𝑛𝑇)], (5.1) 

where nx is a sum of nucleotides X in the sequence from the beginning to the position n. The whole 

transformation can be done in linear time. The reverse transformation of a selected cumulated 

phase value at position n requires knowledge of the value at n–1. Unlike the phase signal, 

a dynamic range of a cumulated phase signal depends on the original character sequence. For 

whole genome sequence, the value of the last sample is close to zero as ratio of purines and 

pyrimidines in a single strand of DNA has a tendency to be balanced according to the second 

Chargaff’s rule. Nevertheless, this cannot be applied to random chunks of genomes in 

metagenomic datasets. 

Similarly to cumulating phase values along a sequence, the phase can be also unwrapped. 

The corresponding signal, referred to as an unwrapped phase, is a corrected phase eliminating 

phase jumps. The signal is reconstructed using phase shifts between adjacent nucleotides. For R-

Y and S-W projection, there are positive transitions (A→G, G→C, C→T, T→A) increasing the 

phase by π/2, negative transitions (A→T, T→C, C→G, G→A) decreasing the phase by π/2, and 
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neutral transitions. Moreover, the last mentioned may be of two kinds. The phase difference is 

equal to zero for the nucleotide preservation (A↔A, C↔C, G↔G, T↔T) or equal to ±π 

otherwise. It is necessary to distinguish between transitions C→A, T→G as +π and transitions 

A→C, G→T as –π. The reverse transformation is possible only when the first nucleotide is known 

because samples of an unwrapped phase signal do not represent nucleotides but pairs of adjacent 

nucleotides. 

As already mentioned in the chapter 2, native current signals of Oxford Nanopore 

sequencing have also suitable properties for metagenomics. These signals are typical for high 

sampling rate; therefore, one nucleotide is coded by several samples. Moreover, these series of 

adjacent samples with similar values represent pentamers or hexamers as this sequencing 

platforms in not able to detect changes in current caused by a single nucleotide. 

5.1.2 Signal features 

Genomic signals, nanopore or phase, are discrete signals. While the former signals are time series, 

the latter have progression along DNA sequences. Both of these variants can be processed by any 

discrete transformation [233]: 

 〈𝑓(𝑛), 𝜓(𝑛)〉 = ∑ 𝑓(𝑛)𝜓(𝑛)

+∞

−∞

, (5.2) 

where f(n) represents sequence of signal samples and ψ(n) belongs to the basis functions that 

determine the type of transformation. The sampling frequency fs of discrete signals is usually 

determined by the resolution of the sensing device. This applies to squiggles from Oxford 

Nanopore device, whose sampling frequency is 5000 Hz. On the contrary, the sampling frequency 

of phase signals is equal to the length of the original DNA sequence due to the absence of any 

sensing device. Therefore, the sampling frequency of whole genome sequences may be extreme. 

Nevertheless, genomic signals can be resampled as any digital signal. 

The suitability to resampling can be uncovered by a spectral analysis using discrete 

Fourier transform (DFT) [116]. To be able to perform DFT, the signal has to be periodic. 

The cumulated phase is defined at interval ⟨1, N⟩, where N is number of nucleotides in 

the sequence, which could be taken as one period of signal at interval (–∞, +∞). Consequently, 

the frequency axis can be divided into N equal units Ω=2π/NT and DFT can assign to signal f(n) 

new coefficients of discrete spectrum series F(k) in the frequency domain, having the same length: 

 𝐷𝐹𝑇{𝑓(𝑛)} = 𝐹(𝑘) = ∑ 𝑓(𝑛) 𝑒−𝑗𝑘Ω𝑛𝑇

𝑁

𝑛=1

. (5.3) 

Resampling, especially downsampling, i.e. lowering the sampling rate, may be 

problematic for long sequences as it increases demands on antialiasing filter, mainly in terms of 

length of impulse response. An efficient solution can be found in gradual decomposition of signals 

using dyadic wavelet transform (DWT). Using the relation between correlation and convolution, 

we can define DWT for genomic signal as discrete convolution: 



88 

 

 𝑦𝑚(𝑛) = ∑ 𝑥(𝑖) ℎ𝑚(2𝑚𝑛 − 𝑖)

+∞

𝑖=−∞

= ∑ ℎ𝑚(𝑖) 𝑥(2𝑚𝑛 − 𝑖)

+∞

𝑖=−∞

, (5.4) 

which represents signal decomposition by a bank of discrete octave filters with impulse responses 

hm(n). Then the sampling frequency of signal ym(n) on output of mth filter is 2m times lower than 

the sampling rate fs of the input signal x(n). Using the Haar wavelets standing for two filters, with 

short impulse responses hh(n)={–0.7071, 0.7071} and hd(n)={0.7071, 0.7071}, makes 

downsampling very fast. Such a short impulse response also minimalizes delays that may affect 

the signal shape in an inappropriate way. 

While metagenomics usually requires utilization of alignment-free algorithms due to their 

computational efficiency, an alignment of two or more signals is desirable for some particular 

tasks of genomic signal research. An analogy to algorithms of dynamic programming for 

character sequence alignment can be found in dynamic time warping. An algorithm for 

progressive alignment of genomic signals that my colleagues and I introduced in the paper by 

Skutkova et al. [224] is similar to character processing algorithm, but does not require utilization 

of scoring matrices. 

The similarity of two signals can be calculated using percentage root-mean-square 

difference (PRD) defined as: 

 𝑃𝑅𝐷 = √
∑ (𝑥0(𝑖) − 𝑥𝑟(𝑖))2𝑛

𝑖=1

∑ (𝑥0(𝑖) − 𝑥𝑜̅̅ ̅)2𝑛
𝑖=1

∙ 100%, (5.5) 

where x0 stands for original signal and xr for resampled signal, both of length n. This value can be 

mainly used for comparison of original and downsampled signals and preservation of original 

biological information. Possibly, a distance between two genomic signals can be expressed as 

their Euclidean distance: 

 𝑑 = √∑[𝑥(𝑖) − 𝑦(𝑖)]2

𝑛

𝑖=1

, (5.6) 

where x(n) and y(n) are aligned signals. 

The abovementioned signal processing techniques are applicable to any genomic signal. 

On the contrary, the following parameter, slope, is suitable only for signals that are characterized 

by a liner trend in a large scale. This is typical for cumulated and unwrapped phase signals. 

The slope of the former can be calculated as: 

 𝑆𝐶 =
𝜋

4
[3(𝑓𝐺 − 𝑓𝐶) + (𝑓𝐴 − 𝑓𝑇)], (5.7) 

where fx represents the frequency of occurrence of nucleotide X in given DNA sequence. 

The slope of unwrapped phase signals: 

 𝑆𝑈 =
𝜋

2
[(𝑓+ − 𝑓−) + 2(𝑓𝑛+ − 𝑓𝑛−)] (5.8) 
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distinguishes between positive f+ and negative f– transitions and between neutral transitions fn+ 

increasing the phase and neutral transitions fn– decreasing the phase. 

The use of DFT presumed that genomic signals are stationary periodic signals with 

a period equal to the length of a transformed DNA sequence. On the other hand, phase signals 

can be also considered as non-stationary signals (for example similarly to EEG signals). An ideal 

tool for description of non-stationary signals can be found in Hjorth descriptors [234]. These 

parameters are capable of describing any signal and its derivatives in both frequency and time 

domain. The time domain for phase signals is represented by nucleotide sequence. Hjorth 

descriptors (activity, mobility, and complexity) are based on spectral moments, but can also be 

calculated from time (nucleotide) variances of a given signal, which lowers computational time: 

 

𝐴 = 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝜎0
2, 

𝑀 = 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦 =
𝜎1

𝜎2
, 

𝐶 = 𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 =
𝜎2 𝜎1⁄

𝜎1 𝜎0⁄
, 

(5.9) 

where 𝜎0
2 stands for the variance of the genomic signal and 𝜎1 with 𝜎2 are the standard deviations 

of the first and the second derivatives of the signal, respectively. Numerical differentiation is used 

as approximation of the signal derivatives for digital signals. 

5.1.3 Clustering and visualization 

Techniques for an analysis and a description of genomic signals mentioned in the previous sub-

chapter allow reduction of original character sequences into very short feature vectors. 

The shortest vectors of two or three elements can be directly visualized in 2D or 3D plots, 

respectively. Regardless the dimensionality of resulting feature vectors, a wide range of clustering 

and machine learning techniques can be used for final data binning. Except standard hierarchical 

agglomerative clustering algorithms as single/average/complete linkage, Ward’s clustering, non-

hierarchical techniques as k-means clustering or Gaussian mixture model combined with 

expectation maximization algorithm (EMGM) can be used. The disadvantage of latter lies 

in the necessity to specify the number of bins before a division is performed. Although this 

information is unknown for real dataset, a number of expected bins can be determined by auxiliary 

16S rRNA gene sequencing. 

Transformation of original sequences using described signal processing techniques is 

deterministic. A position of a given sequence in reduced space will be always the same, which is 

relatively unique among metagenomic binning algorithms. Using testing dataset with a priori 

known sequences, simple statistics can be easily calculated, e.g. sensitivity 

(sensitivity=TP/(TP+FN)), specificity (specificity=TN/(TN+FP)), precision (precision = 

TP/(TP+FP)), and accuracy (accuracy = (TP+TN)/(TP+FN+FP+FN)) for any method. 

Although relations among feature vectors with dimensionality higher than three are more 

difficult to be visualized, their hierarchical clustering can summarize relation among them 

in a tree, which may be still advantageous to deduce features of metagenomic signals. 
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5.2 Results and discussion 

Analyses of genomic signal features, their application in metagenomics and utilization of signal 

processing techniques on raw nanopore signals are summarized in following sub-chapters. 

5.2.1 Redundancy in genomic signals 

DNA sequences carry a huge amount of information. However, a majority of this information is 

redundant for classification of organisms. Targeted sequencing approach utilizes this fact and 

aims only on 16S rRNA genes that carry enough of interspecies information. In whole shotgun 

metagenomics, the information is reduced by utilization of a selected parameter, e.g. tetramer 

frequency, which omits redundant information. Thus, even the information stored in genomic 

signals should be redundant. Nevertheless, the redundancy of genomic signals needs to be 

investigated. 

In study “Set of rules for genomic signal downsampling” [118] me and my colleagues 

examined the possibility of genomic signal reduction. The test dataset contained 420 sequences, 

equally divided into 7 groups according to lengths of sequences. While the shortest sequences 

represented only CDS, the longest corresponded to whole bacterial genomes. The dataset is 

summarized in Tab. 5.1 

Tab. 5.1 Summary of test sequences 

Sequence Taxa Average length (standard deviation) [bp] 

COX1 eukaryotes 652 ± 2 

16S rRNA eukaryotes 1,441 ± 300 

ACTA1 eukaryotes 2,859 ± 1,064 

whole mtDNA eukaryotes 16,335 ± 981 

whole genome virus 28,962 ± 1,620 

whole plasmid bacteria 383,646 ± 141,706 

whole genome bacteria 3,830,130 ± 1,780,995 

 

Sequences were transformed into cumulated phase signals representing R-Y and S-W 

chemical properties. Before signals were further analyzed, their mean value was set to zero. Such 

an operation led to filtering of direct component of signals that carry no information. Moreover, 

a direct component depended on the length of signals, because cumulated phase signal begins by 

zero phase from its definition. Thus, this component makes differently long signals harder to be 

compared. 

The Fourier spectrum of signals without direct component suggested that the main 

information is carried by low frequencies, see Fig. 5.2. Although in comparison with long signals 

low frequency band of shorter signal was longer relative to the entire spectrum, cumulated phase 

signals shown promising properties for reduction of samples without affecting the main 

interspecies information. 
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Fig. 5.2 – Analysis of cumulated phase signals 

Cumulated phase signals (A) without direct component picked from the dataset (B) 

detail of 3 shortest signals, Fourier spectrum up to fs/2 and zoomed part of spectrum 

for (C) COX1 (D) 16S rRNA (E) ACTA1 signals. Me and my colleagues presented 

this analysis in study by Sedlar et al. [118]. 

Cumulated phase signals of whole bacterial genomes representing R-Y and S-W chemical 

properties have a typical shape with long linear parts. The signals that have more than two linear 

parts do not begin with OriC. In fact, this representation can be used for prediction of OriC as my 

colleagues and I demonstrated in study by Maderankova et al. [235]. The signal of complete 

genome sequence of E. coli str K-12 (NC_000913.2) and its Fourier spectrum is presented in 

Fig. 5.3. Me and my colleagues studied this genome within study by Sedlar et al. [120]. 

 

Fig. 5.3 – Bacterial cumulated phase and its spectrum 

(A) Cumulated phase signal of E. coli str K-12. (B) Its Fourier spectrum with a limited 

y axis. Me and my colleagues presented the spectrum in study by Sedlar et al. [120] 
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The results showed that even in whole bacterial genomes the main information is carried 

by low frequencies. Therefore, the redundancy of genomic signals could have been investigated 

by their downsampling. For this task, DWT with Haar wavelets was used. The complexity of such 

downsampling O(nm) is linear due to the length of a sequence n and the downsampling is 

therefore very fast. The second parameter m denotes already mentioned level of decomposition. 

The number of sample is 2m times lower than in the original signal. When value of 2m reaches 

the length of the original signal n, the downsampled signal is represented by only one sample. 

The distortion of again resampled signals was measured using PRD, see Fig. 5.4. 

 

Fig. 5.4 – Downsampling of signals 

Percentage root-mean-square differences (blue) with their standard deviations (red) 

as a function of degree of decomposition for (A) COX1, (B) 16S rRNA, (C) ACTA1, 

(D) whole mtDNA, (E) whole viral genome, (F) whole plasmid genome, and (G) 

whole bacterial genome datasets. Me and my colleagues presented this analysis in 

study by Sedlar et al. [118]. 

Downsampling led to the loss of higher frequencies, thus, downsampled signals seems to 

be smoother than original signals. This is especially visible, when an original and a downsampled 

signal are overlapped as in Fig. 5.5. Because both, the length and the amplitude of original and 

downsampled signals differ, the values had to been normalized. Decimation factor for randomly 

chosen downsampled signals was selected in a way that the decimation was as high as possible 

while PRD value was still below 1%. For whole bacterial genomes, the factor m reached the value 

of 12. 
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Fig. 5.5 – Overlap of original and downsampled signals 

Pairs of original and downsampled signals and their 10× zoom randomly chosen from 

(A) COX1, (B) 16S rRNA, (C) ACTA1, (D) whole mtDNA, (E) whole viral genome, 

(F) whole plasmid genome, and (G) whole bacterial genome datasets. Me and my 

colleagues presented this analysis in study by Sedlar et al. [118]. 

 

5.2.2 Similarity of signals 

Signal distortion itself does not describe loss of biological information. To verify changes 

introduced by genomic signal downsampling into final interpretation of data, phylogenies from 

original sequences and downsampled signals need to be compared. Robinson-Foulds 

distance [236] is a metrics that allows comparison of two phylogenetic trees. The cladogram 

reconstructed from downsampled whole bacterial genomes at eighth level of decomposition was 

compared to cladograms with higher levels of decomposition, see Fig. 5.6. Due to 

the computational complexity, cladograms from original sequences, nor less downsampled 

signals were suitable for direct phylogeny reconstruction. 
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Fig. 5.6 – Influence of downsampling on phylogeny 

(A) Cladogram reconstructed from downsampled signals with eighth level of 

decomposition. Color-coding distinguishes between different bacterial classes: Bacili 

(yellow), Betaproteobacteria (red), Gammaproteobacteria (green), and Thermococci 

(blue). (B) Robinson-Foulds distance between the cladogram and cladogram using 

higher levels of decomposition. Me and my colleagues presented this analysis in study 

by Sedlar et al. [118]. 

Up to the 13th level of decomposition, cladograms remained the same. The 13th level of 

decomposition was the first level where average PRD was higher than 1% (Fig. 5.4), still the 

results of phylogeny remained unchanged. For higher levels of decomposition, trees started to 

differ in one or more nodes. These differences may not necessarily destroy clusters of bacteria 

from the same taxonomic class. For example, 14th level of decomposition preserves these clusters, 

while relation between them has slightly changed, see Fig. 5.7 A. 

 

Fig. 5.7 – Comparison of phylogenies using signals and sequences 

(A) Phylogenetic tree reconstructed from downsampled whole genome signals using 

Euclidean metrics and average linkage. (B) Phylogenetic tree reconstructed from 

16S rRNA genes using proportional sequence distance and average linkage. Color-

coding distinguishes between different bacterial classes: Bacili (yellow), 

Betaproteobacteria (red), Gammaproteobacteria (green), and Thermococci (blue). 

Me and my colleagues presented this analysis in study by Sedlar et al. [211] 

Although the average length of a five Mbp genome signal after downsampling by DWT 

at 14th level is around 300 samples, hierarchical clustering distinguishes among particular 



95 

 

taxonomic classes of bacteria. On the contrary, the standard sequence clustering method using 

16S rRNA genes, whose length is around 1600 bp, leads to phylogenetic tree with clusters 

containing more than one bacterial class, see Fig. 5.7 B. 

On the 14th level of decomposition by DWT, the downsampled signal is 16384× shorter 

than the original signal. Yet, the overall information regarding phylogenetic origin remains 

preserved. The results from the previous sub-chapter demonstrated that the shorter the original 

sequence was, the sooner the PRD started to grow exponentially with higher level of 

decomposition. Nevertheless, even shorter sequences may be downsampled. This could be 

utilized in metagenomics, where genomic signals representing random chunks of genomes could 

be extremely reduced to vectors of only several values preserving the information regarding the 

phylogenetic origin. Such vectors could be easily clustered using any hierarchical or non-

hierarchical clustering technique to perform binning. 

5.2.3 Metagenomic signal binning 

Binning by cumulative information 

Cumulated phase signals have a linear character. Although whole bacterial genome signals are 

formed by two or more linear parts with breaks, random short parts of genomes are almost linear 

without any breaks. Therefore, a value representing the slope of a signal can be regarded as 

an extreme compression of such signal. At the same time, the slope, or its absolute value, of 

signals from the same genome should be highly similar and genome-specific. I examined this 

feature in the conference paper ’Signal Based Feature Selection for Fast Classification of 

Sequences in Metagenomics’ [122]. In that study, I reconstructed unique vectors that fully 

represent the original DNA sequences using only slope values. Except for cumulated phase 

signals, I used unwrapped phase signals that also have a linear character. Theoretically, both of 

these signals have three different variants according to used projection of nucleotide tetrahedron 

(R-Y and S-W, R-Y and M-K, S-W and M-K). However, unwrapped phases signals representing 

S-W and M-K are identical to R-Y and M-K signals from their definition. Therefore, only five 

different slope values can be calculated for every sequence. 

In order to test the efficiency of proposed vectors for metagenomic sequence binning, 

three datasets of 2,500 sequences each were derived from five different genomes. Those genomes 

covered four bacterial species, two genomes were two different strains of E. coli, see Tab. 5.2. 

Tab. 5.2 Summary of genomes used for slope binning 

species organism accession no. 

E. coli Escherichia coli UTI89 NC_007946.1 

E. coli Escherichia coli str. ’clone D i14’ NC_017652.1 

C. C. ruddii Candidatus Carsonella ruddii PV NC_008512.1 

G. obscurus Geodermatophilus obscurus DSM 43160 NC_013757.1 

R. prowazekii Rickettsia prowazekii str. Dachau NC_017051.1 

 

For every genome, 500 reads were simulated as random fragments selected from the 

genome. Moreover, a half of sequences were transformed into their reverse complements to better 

correspond to real sequencing data. To cover differences between NGS and TGS, three datasets 

with different length of reads (500 bp, 1000 bp, and 5000 bp) were prepared. 
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Different variants of feature vectors were examined as various combinations of slope 

values were utilized. These vectors were binned using Ward’s hierarchical clustering and 

Euclidean metrics. The best results were obtained for feature vectors of four values. The slope of 

cumulated phase representing R-Y and S-W chemical properties was omitted as its inter-species 

resolution is almost zero. The example of cumulated phase signals with (S-W and M-K) and 

without (R-Y and S-W) discriminative information is shown in Fig. 5.8. 

 

Fig. 5.8 – Slopes of cumulated phase signals 

Cumulated phase signals for randomly selected sequences from the test dataset 

presenting (A) S-W and M-K information (B) R-Y and S-W information. I presented 

this analysis in study by Sedlar [122]. 

The results of binning for 5000 bp long sequences by hierarchical clustering is presented 

in Fig. 5.9. Four well-distinguished clusters were detected. Every cluster contained mainly 

sequences from a single species. 

 

Fig. 5.9 – Hierarchical binning of slope vectors 

The tree reconstructed from the feature vectors using Ward method and Euclidean 

metrics. Color-coding of particular clusters represents the most abundant species in 

a cluster: C. C. ruddii (blue), R. prowazekii (green), E. coli (red), and G. obscurus 

(yellow). I presented this analysis in study by Sedlar [122]. 

The proposed technique was unable to distinguish between different strains of the same 

species. Thus, the red cluster was two times bigger than remaining clusters as it contained two 
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strains of E. coli. This is not an issue, as there is not enough information in short sequences to 

compare particular strains. The binning result shown above was obtained with the longest 

sequences (5000 bp) that are typical for TGS. Nevertheless, satisfactory results were obtained 

also for shorter sequences typical for NGS, see statistics summary in Tab. 5.3 and Tab. 5.4. 

Tab. 5.3 Statistics for slope binning (sensitivity and specificity) 

Organism 
500 bp 1000 bp 5000 bp 

Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity 

E. coli 98,28 94,64 99,78 93,63 99,90 99,60 

C. C.ruddii 75,00 98,14 97,45 97,98 100,00 99,21 

G. obscurus 99,80 99,60 99,40 99,95 100,00 100,00 

R. prowazekii 74,29 92,08 77,67 99,31 95,78 99,95 

Average 86,84 96,12 93,58 97,72 98,92 99,69 

 

Tab. 5.4 Statistics for slope binning (precision and recall) 

Organism 
500 bp 1000 bp 5000 bp 

Precision Accuracy Precision Accuracy Precision Accuracy 

E. coli 91,60 96,00 89,80 95,84 99,40 99,72 

C. C.ruddii 93,00 92,40 91,80 97,88 96,80 99,36 

G. obscurus 98,40 99,64 99,80 99,84 100,00 100,00 

R. prowazekii 67,60 88,84 97,40 93,88 99,80 99,08 

Average 87,65 94,22 94,70 96,86 99,00 99,54 

 

Although the results seem to be very promising, the diversity of the test dataset is 

extremely low. The accuracy of the slope binning for real datasets is questionable, yet from the 

nature of the method comparable to composition based binning techniques using simple 

parameters like GC content. The main advantage of the method is the length of the feature vector. 

Vectors of four values can be easily binned using almost any technique for hierarchical or non-

hierarchical clustering or any machine learning and datamining algorithms. No dimensionality 

reduction, as in the case of feature vectors composed of k-mer frequencies, is needed. Thus, 

the whole preprocessing is characterized by very efficient computation with O(4n) linear 

complexity, where n is a number of sequences. The most demanding task remains in the clustering 

step. Nevertheless, even this step can be done in linear time with modern clustering algorithms 

like Twister Tries [124]. On the other hand, data cannot be directly visualized due to four 

dimensions. 

Binning by Hjorth descriptors 

The analyses of genomic signals summarized in previous sub-chapters and paragraphs above 

utilized cumulative information of cumulated and unwrapped phase and presumed that a whole 

genome is one period of an infinite periodic signal. In fact, this periodicity is caused by 

cumulating purines and pyrimidines that tend to be balanced according to the already mentioned 

second Chargaff’s rule. Thus, the signal of a whole genome can be considered as a stationary 

signal. 
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This presumption is not met for random chunks of a genome where purine and 

pyrimidines are not balanced and cumulated signals have a slope. When the slope is omitted, 

i.e. a phase signal is used, the signal seems to be chaotic and non-stationary. Possibly, only slight 

periodicities may occur to the naked eye. Nevertheless, these periodicities are genome-specific 

and may be described by techniques for non-stationary signal processing. As phase signals 

representing R-Y and S-W chemical properties are similar to EEG signals, utilization of Hjorth 

descriptors seems to be ideal, see Fig. 5.10. 

 

Fig. 5.10 – Phase signal of a random subsequence of E. coli 

The phase signal of a simulated 500 bp long read from E. coli genome. 

I presented the idea of metagenome visualization by Hjorth description in Falling Walls 

Lab competition. The winning idea of Falling Walls Prague 2016 is based on the projection of 

metagenomics sequences into 3D space using three Hjorth descriptors: activity, mobility, and 

complexity. The visualization of the metagenome dataset EqualSet01 defined by Laczny et 

al. [126] is shown in Fig. 5.11. 

 

Fig. 5.11 – Visualization of a metagenome using Hjorth descriptors 

Visualization of EqualSet01 metagenome using Hjorth descriptors extracted from 

phase R-Y and S-W representation of 5,000 bp long fragments. 
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Unlike the visualization using BH-SNE dimensionality reduction of tetramer frequencies 

by Laczny et al. [126], the visualization using Hjorth descriptors is deterministic. Thus, 

the technique allows direct visual comparison of two or more metagenomes. Moreover, 

the computation is maximally efficient, as both, sequence into phase signal transformation and 

Hjorth descriptors calculation, can be done in linear time. 

Finally, the transformed data in which every sequence is represented by the vector of 

three values can be automatically binned by any technique. The results with very high accuracy 

(89.17% - 99.84%) can be achieved by clustering using EMGM as proved in the diploma thesis 

‘Methods for fast sequence comparison and identification in metagenomic data’, which I have 

supervised, by Kristyna Kupkova [128]. 

5.2.4 Nanopore data processing 

Squiggles, native nanopore sequencing signals, are current signals similar to other biological 

signals including EEG, see Fig. 5.12. Their direct processing in the signal form has a potential to 

bring completely novel techniques for data processing in genomics or metagenomics, 

respectively. Due to the limited output of nanopore sequencing in comparison to NGS techniques, 

sequencing of metagenomes using nanopores is currently not very common. Yet, experimental 

datasets can be found. In study by Brown et al. [237], authors prepared a synthetic metagenome 

of four species (Escherichia coli, Microcystis aeruginosa, Pseudomonas fluorescens, and 

Synechococcus elongates) that sequenced using Oxford MinION device. The dataset is available 

at European Nucleotide Archive (ENA) under study with accession number PRJEB8716. 

 

Fig. 5.12 – Squiggles from a synthetic metagenome 

Parts of native nanopore sequencing signals in the length of 10 s. Color-coding 

distinguishes signals from different species. 

Direct visualization of a metagenome represented by squiggles can be done in the same 

manner as visualization of metagenomes represented by phase signals – using Hjorth descriptors. 

For the poster presentation at ISMB/ECCB 2017 conference by Kupkova et al. [129], my 

colleagues and I prepared 3D representation of a synthetic metagenome by calculating activity, 

mobility, and complexity of squiggles obtained from FAST5 files available from the study 

PRJEB8716, see Fig. 5.13. 
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Fig. 5.13 – Visualization of synthetic nanopore metagenome 

Visualization of PRJEB8716 using Hjorth descriptors extracted from squiggles 

produced by Oxford Nanopore MinION device. Color-coding distinguishes signals 

from different species. My colleagues and I presented this analysis in poster by 

Kupkova et al. [129]. 

Although part of sequences from different species can be directly distinguished by their 

position is 3D space, a relatively big part of sequences is intermixed. This suggests that automatic 

binning of such data could be problematic. By using EMGM binning, we reached only 62% - 

81% accuracy, which is quite low for a metagenome of only four species. This can be caused by 

the fact that dataset was sequenced using older R7 protocol. Thus, FAST5 file did not contain 

original current signals but only information about average current for particular pentamers going 

through a nanopore and the duration of this so called event. Unfortunately, FAST5 files produced 

with R9 sequencing protocol are still rare. Possibly, accuracy of binning can be increased by using 

machine learning algorithms. 

In study by Kupkova et al. [238], we used Hjorth descriptors extracted from squiggles for 

identification of phage contamination in bacterial data. Such identification can be understood as 

sequence binning, where one bin represents viral sequences and the other bacterial sequences. We 

used data from three studies available at ENA. Datasets from studies under accession numbers 

PRJEB8672 and PRJEB14532 contained sequences from several strains of E. coli and the dataset 

under accession number PRJEB8318 sequences from M13mp18 phage. All datasets were 

sequenced with R7 protocol. Therefore, reconstructed signals were similar to signals presented 

in Fig. 5.12. Feature vectors of three values represented by Hjorth descriptors were used for 

clustering (binning) of sequences into two bins (bacterial vs. phage sequences). In total, we used 

five different machine learning algorithms that are listed in Tab. 5.5. All of these algorithms 

reached better accuracy that EMGM algorithm used in the previous study.  
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Tab. 5.5 Statistics of phage sequences identification 

Algorithm Sensitivity Specificity Precision Accuracy 

Linear SVM 90.04 75.57 90.12 85.88 

Radial basis function SVM 88.35 79.33 91.36 85.76 

2nd order polynomial SVM 90.72 76.20 90.41 86.54 

Random forest 88.61 83.30 92.92 87.08 

AdaBoost 94.09 64.51 86.77 85.58 

 

Even though these are mostly preliminary results, it can be used as a base for further 

studies of metagenomic squiggles binning when more R9 sequencing protocol data are available. 

5.3 Summary 

The methodology and results presented in the fifth chapter corresponded to the second objective 

of the thesis – to develop a signal processing method for whole metagenome shotgun sequencing 

data binning. 

While genomic signal processing is an established field of bioinformatics, standard 

character processing techniques are still much more developed. On the other hand, signal 

processing demonstrated great efficiency for comparison of organisms by sequence alignment 

dependent as well as alignment independent techniques. Yet, GSP was not utilized 

in metagenomics until now. The key for its successful application lies in filtering redundant 

information that does not contribute to species-specific patterns. As analyses presented in this 

thesis showed, variants of phase signals utilizing chemical similarities of nucleotides are highly 

redundant from short sequences of a single gene to whole bacterial genomes. Thus, phase signals 

and their cumulated and unwrapped variant have ideal features for fast comparison and 

identification of sequences in metagenomes. 

There are two different approaches that can be used for signal binning: binning using 

cumulative information and binning using signals descriptors. The former method utilizes 

cumulative signals, in which the species-specific information is carried by low frequencies. 

In shorter sequences, e.g. reads from various genomes in a metagenome, this information is coded 

in the slope of a signal. By combining slopes from several cumulative signals, a feature vector 

with high discriminative value for metagenomic sequences binning can be reconstructed. Minor 

disadvantage remains in the dimensionality of such vector that does not allow direct visualization 

of results. The latter method uses different presumption. Linear phase signals that cannot be 

characterized by slope can be regarded as non-stationary signals with slight species-specific 

patterns. These signals are similar to other biological signals, e.g. EEG, and can be processed in 

the same way. Hjorth descriptors (activity, mobility, and complexity) are three parameters that 

describe original metagenome sequences with enough information for binning with high 

accuracy. Moreover, a feature vector of three values can be directly visualized as a point in 3D 

space. Therefore, the binning process can be supplemented with informative visualizations. 

Another field, where GSP can find wide application, can be found in direct processing of 

nanopore sequencing data. Unlike the older sequencing techniques, a native format of nanopore 

sequencing is a current signal. Such signals can be directly processed without need for base-
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calling. A direct binning of nanopore signals, for Oxford Nanopore platforms called squiggles, is 

possible by the very same technique as phase signals. Unfortunately, accuracy of binning is lower 

than for phase signals and other preprocessing steps will be needed to prepare this method for 

utilization with real data. 

While microbiome bipartite networks introduced in the previous chapter represent fully 

developed method that is currently used for processing real data, the methodology presented 

within this chapter brings mainly preliminary results and shows novel direction for binning of 

metagenomes. Yet, the methodology may provide better binning results than current techniques 

including BH-SNE. These comparisons are broadly discussed in the diploma thesis I have 

supervised by Kristyna Kupkova [128]. The proposal of the methodology had to be preceded by 

thorough analysis of selected genomic signals. These analyses were presented during ITiB 2014 

conference [120] and published in Computers in Biology and Medicine journal [118]. 

Additionally, the proposed methodology was applied to nanopore sequencing data in a native 

current signal format and presented during BIBE 2017 conference [238]. 
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CONCLUSION 

It is 20 years since the term ‘metagenomics’ was introduced. During that time, metagenomics 

underwent massive development and differentiation into sub-disciplines. Moreover, this rapid 

development of the field still persists and notes of advancement are often scattered in various 

review papers. Therefore, in the theoretical part of this doctoral thesis, I decided to summarize 

basic facts regarding metagenomics in order that follows typical analysis of a microbiome from 

my point of view. I tried to explain the methods using graphic illustrations, examples, and case 

studies. A majority of illustrations was prepared exclusively for this thesis. Where it was possible, 

I included examples from studies I authored or co-authored. In several cases, I used the most 

relevant studies from the field. Except for metagenomics, I included chapter describing 

computational background whose understanding is necessary for practical part of the thesis that 

introduces novel methodology for processing microbial data and binning of sequences 

in a metagenome. 

The whole field of metagenomics is divided into two main areas according to 

the sequencing strategy used for data acquisition. Targeted sequencing approach aims only on 

marker genes that allows reliable identification of organisms in an environment. Although these 

‘metataxonomics’ microbial studies do not process whole metagenomes, they belong to the field 

of metagenomics. Their main purpose is statistical description of an environment, including 

estimation of diversity, abundance of particular organisms, or comparison of several samples or 

environments. The basic data structure is an OTU table, which contains abundances of taxa in 

particular samples. 

The methodology introduced in this thesis presumes that OTU tables fully describe 

microbial networks formed by organisms living in environments. Therefore, an OTU table can be 

regarded as a mathematical graph. This thesis brings a unique method for transformation of 

an OTU table into the form of a bipartite graph representing an analyzed microbial network. One 

partition is formed by identified taxa and the other by analyzed samples. Transformation preserves 

qualitative as well as quantitative information that is stored in edges of the graph. The whole 

method is computationally efficient and allows processing of large datasets thanks to utilization 

of fast algorithms for community detection. Moreover, the characteristics of the proposed 

methodology allows massive data reduction by using higher taxonomic levels and by merging 

samples from the same environment without affecting the results of detected communities. 

Reduced graphs and their drawings provide informative visualizations of microbial data that can 

supplement standard techniques, including UniFrac-PCoA visualizations, with novel aspects of 

data. 

Any clustering technique processing OTU tables in any of it forms, even after 

dimensionality reduction, performs biclustering, i.e. separate clustering of taxa and separate 

clustering of samples. Although these clusters can be visualized together using a heatmap or 

PCoA biplot, they are not directly connected. On the other hand, community detection algorithms 

that can be applied on the proposed bipartite graphs uncover clusters formed by both, taxa and 

samples. Therefore, identified clusters are unique and reveal patterns that are visible only after 

using a combination of at least two standard techniques. Detected communities can be easily 
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highlighted directly in the graph drawing. Possibly, separate clustering in particular partitions is 

possible for direct comparison of results with standard techniques. 

The proposed methodology for analyses of microbiomes using graph and network 

algorithms was tested using various real datasets of gut microbiomes, mostly from studies that 

I have co-authored. The basic principles were demonstrated using unique dataset from my own 

gut microbiome. The whole methodology was published in the study ‘Bipartite graphs for 

visualization analysis of microbiome data’ [96] that has been already cited several times. Thus, 

the methodology is in the practical usage. 

The second area uses whole metagenome shotgun sequencing strategy and can be 

understood as ‘true’ metagenomics because data contain a whole metagenome. Due to 

the technical requirements, this area is newer and algorithms for data processing are therefore less 

developed. Three main tasks within these studies are to assemble the sequences, to bin them, and 

to describe a functional potential of the analyzed metagenome. These tasks are usually not 

performed in the exact order and particular steps may be repeated. Nevertheless, the most 

important step remains in binning, which means clustering of sequences into bins represented by 

sequences from related genomes. 

There is a wide range of binning techniques that can be divided into two categories: 

taxonomy dependent and taxonomy independent. The former tries to bin sequences by utilization 

of known reference database, the latter bins de novo. For an enormous number of species, 

taxonomy independent techniques have higher potential of practical use as me and my colleagues 

analyzed in review ‘Bioinformatics strategies for taxonomy independent binning and 

visualization of sequences in shotgun metagenomics’ [46], in which we proposed novel division 

of techniques that summarized also in this thesis. 

The methodology for taxonomy independent binning introduced in this thesis uses 

a genomic signal processing approach. Although GSP is an established field of bioinformatics, its 

utilization in metagenomics is completely new. The proposed methodology is the result of 

thorough analysis of phase signals and their variants. These signals can efficiently filter redundant 

information that does not contribute to binning. While cumulative signals codes this information 

into species-specific slope, non-cumulative and non-stationary phase signals contains species-

specific patterns that can be revealed by Hjorth descriptors. Although this method is 

computationally extremely efficient, it has to be improved before its application on real datasets 

is possible. Nevertheless, the results in this thesis open completely novel direction of taxonomy 

independent binning. Moreover, the proposed methodology can be applied directly on nanopore 

sequencing data in the native form of current signals. 

The proposed methodology and introduced results were presented on several international 

conferences (ITiB 2014, BIBM 2015, and BIBE 2017) and published as several studies in 

scientific journals. These references are summarized in the appendix. 
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LIST OF ABBREVIATIONS 

 

BH-SNE Barnes-Hut Stochastic Neighbor Embedding 

BLAST Basic Local Alignment Search Tool 

bp base pair 

CG guanine cytosine 

CLI command line interface 

CMI Coded Mark Inversion 

COG Clusters of Orthologous Groups 

DBG de Bruijn graph 

DFT discrete Fourier transform 

DTW dynamic time warping 

DWT dyadic wavelet transform 

EMGM Expectation-Maximization Gaussian Mixture model 

ENA European Nucleotide Archive 

GO Gene Ontology 

GSP genomic signal processing 

GUI graphical user interface 

HMM Hidden Markov Model 

HMP Human Microbiome Project 

HTS high throughput sequencing 

IMG Integrated Microbial Genomes 

ITS internal transcribed spacer 

k-NN kernelized-Nearest Neighbor 

LCA Lowest Common Ancestor 

MDS multidimensional scaling 

MID multiplex identifier 

NCBI National Centre for Biotechnology Information 

NGS next generation sequencing 

NIH National Institutes of Health 

OF Oligonucleotide Frequency 

OFDEG Oligonucleotide Frequency Derived Error Gradient 

OLC Overlap Layout Consensus 

ONT Oxford Nanopore Techniques 

OriC replication origin 

PacBio Pacific Biosciences 

PCA Principal Component Analysis 

PCoA Principle Coordinate Analysis 



120 

 

PE pair-end 

PRD percentage root-mean-square difference 

RAST Rapid Annotations using Subsystems Technology 

RDP Ribosomal Database Project 

rRNA ribosomal RNA 

SE single-end 

SMRT Single Molecule Real Time 

SOM Self-Organizing Map 

SVM Support Vector Machine 

TGS third generation sequencing 

UniFrac Unique Fraction (distance metric for microbial studies) 

WMS whole metagenome shotgun 

ZMW Zero Mode Waveguide 

 

  



121 

 

LIST OF FIGURES 

Fig. 1.1 – Two approaches of studying the microbiota. .............................................................. 11 

Fig. 1.2 – 16S rRNA gene structure and possible primers. ......................................................... 13 

Fig. 1.3 – Bioinformatics strategy for targeted sequencing ........................................................ 16 

Fig. 1.4 – A scheme of targeted fragment being sequenced ........................................................ 17 

Fig. 1.5 – OTU picking strategies ............................................................................................... 19 

Fig. 1.6 – OTU table in classic format ........................................................................................ 23 

Fig. 1.7 – Principles of diversity analysis ................................................................................... 24 

Fig. 1.8 – Principles of rarefaction .............................................................................................. 25 

Fig. 1.9 – Rarefaction curves for analysis of sequencing depth .................................................. 26 

Fig. 1.10 – OTU table visualized as a heatmap by Hernandez et al. [108] ................................. 27 

Fig. 1.11 – Species richness visualized in scatter plot by Yatsunenko et al. [109] ..................... 28 

Fig. 1.12 – Time series plot of microbial composition by Videnska et al. [69] .......................... 29 

Fig. 1.13 – Bar chart of microbial composition by Gerzova et al. [110] ..................................... 29 

Fig. 1.14 – Unweighted UniFrac metric ...................................................................................... 30 

Fig. 1.15 – UniFrac distances in scatter plot by Yatsunenko et al. [109] .................................... 31 

Fig. 1.16 – PCoA plot of fecal samples by Videnska et al. [116] ............................................... 32 

Fig. 1.17 – PCoA biplots of fecal samples by Videnska et al. [69]............................................. 33 

Fig. 1.18 – Correlation in the microbiome by Kaevska et al. [13] .............................................. 34 

Fig. 1.19 – Co-occurrence patterns in microbial network by Baberan et al. [117] ..................... 35 

Fig. 1.20 – Bioinformatics strategy for shotgun sequencing ....................................................... 37 

Fig. 1.21 – Metagenome assembly .............................................................................................. 39 

Fig. 1.22 – Division of binning techniques by Mande et al. [137] .............................................. 41 

Fig. 1.23 – Division of taxonomy independent techniques by Sedlar et al. [61] ........................ 43 

Fig. 1.24 – Principles of taxonomy independent binning ............................................................ 44 

Fig. 1.25 – BH-SNE visualization in WMS metagenomics by Laczny et al. [145] .................... 45 

Fig. 2.1 – Basic kind of graphs .................................................................................................... 49 

Fig. 2.2 – A bipartite graph ......................................................................................................... 51 

Fig. 2.3 – Various layouts of a graph .......................................................................................... 52 

Fig. 2.4 – Nucleotide tetrahedron ................................................................................................ 56 

Fig. 2.5 – Complex numeric map ................................................................................................ 57 

Fig. 4.1 – Principles of microbial bipartite network reconstruction ............................................ 61 

Fig. 4.2 – Microbiome of Karel Sedlar ....................................................................................... 69 

Fig. 4.3 – Microbial network of three samples............................................................................ 70 

Fig. 4.4 – Relative abundance of microbial families ................................................................... 72 

Fig. 4.5 – Complete microbial network of 45 samples ............................................................... 73 

Fig. 4.6 – Microbial network of six environments ...................................................................... 74 

Fig. 4.7 – Bipartite network showing bacterial families in broilers and hens ............................. 75 

Fig. 4.8 – Clustering of time-series samples ............................................................................... 76 

Fig. 4.9 – Complete bipartite network of 52 samples ................................................................. 77 

Fig. 4.10 – Network representing four stages of microbiota development ................................. 79 

Fig. 4.11 – Network representing four stages and filtered bacterial families .............................. 80 

Fig. 4.12 – Network of sampling and isolation kits and bacterial families ................................. 83 

Fig. 5.1 – Principles of metagenomic signals binning ................................................................ 85 



122 

 

Fig. 5.2 – Analysis of cumulated phase signals .......................................................................... 91 

Fig. 5.3 – Bacterial cumulated phase and its spectrum ............................................................... 91 

Fig. 5.4 – Downsampling of signals ............................................................................................ 92 

Fig. 5.5 – Overlap of original and downsampled signals ............................................................ 93 

Fig. 5.6 – Influence of downsampling on phylogeny .................................................................. 94 

Fig. 5.7 – Comparison of phylogenies using signals and sequences ........................................... 94 

Fig. 5.8 – Slopes of cumulated phase signals .............................................................................. 96 

Fig. 5.9 – Hierarchical binning of slope vectors ......................................................................... 96 

Fig. 5.10 – Phase signal of a random subsequence of E. coli...................................................... 98 

Fig. 5.11 – Visualization of a metagenome using Hjorth descriptors ......................................... 98 

Fig. 5.12 – Squiggles from a synthetic metagenome .................................................................. 99 

Fig. 5.13 – Visualization of synthetic nanopore metagenome .................................................. 100 

 

  



123 

 

LIST OF TABLES 

Tab. 4.1 Alpha diversity of three samples ................................................................................... 70 

Tab. 4.2 Parameters of reconstructed networks on several taxonomic levels ............................. 78 

Tab. 4.3 Parameters of reconstructed networks using different threshold .................................. 80 

Tab. 4.4 Summary of community detection by tested algorithms ............................................... 81 

Tab. 4.5 Detected communities by tested algorithms ................................................................. 81 

Tab. 4.6 Summary of community detection in partition of samples ........................................... 82 

Tab. 5.1 Summary of test sequences ........................................................................................... 90 

Tab. 5.2 Summary of genomes used for slope binning ............................................................... 95 

Tab. 5.3 Statistics for slope binning (sensitivity and specificity)................................................ 97 

Tab. 5.4 Statistics for slope binning (precision and recall) ......................................................... 97 

Tab. 5.5 Statistics of phage sequences identification ................................................................ 101 

 

  



124 

 

LIST OF APPENDICES 

A Curriculum Vitae 

B List of own publications mentioned in the thesis 



A Curriculum Vitae 

 

 

 

 
 

C U R R I C U L U M  V I T A E  
 

 

 
 

 

 

 
 

Personal information 
 

 Name / Surname/ Title  Mgr. Ing. Karel Sedlář 

Address  Brněnská 1424/100, 664 51, Šlapanice, Czech Republic 

E-mail  kar.sedlar@gmail.com  

Nationality  Czech 

Date of birth  28. 1. 1989 

 

Education 
 

Doctoral study  9/2013 – so far, Biomedical Technologies and Bioinformatics 

Name of the organization  Brno University of Technology, Department of Biomedical Engineering 

Thesis theme  Methods for comparative analysis of metagenomic data 
 

Graduate study, Title  1/2013 – 2/2015, Applied Informatics, Mgr. 

Name of the organization  Masaryk University, Faculty of Informatics 

Thesis Theme  Processing of experimental data related to FGFR signaling pathways models 
 

Graduate study, Title  6/2011 – 6/2013, Biomedical Engineering and Bioinformatics, Ing. (graduated with honors) 

Name of the organization  Brno University of Technology, Faculty of Electrical Engineering and Communication 

Thesis Theme  The use of genomic signal compression for classification and identification of organisms 
 

Undergraduate study, Title  6/2009 – 6/2011, Biomedical Technics and Bioinformatics, Bc. (graduated with honors) 

Name of the organization  Brno University of Technology, Faculty of Electrical Engineering and Communication 

Thesis Theme  Bootstrap methods in phylogenetics 

 

Work experience 
 

Dates, Position  9/2013 – so far, researcher, lecturer 

Main activities and responsibilities  research and lectures in bioinformatics and systems biology 

Name of employer  Department of Biomedical Engineering, Brno University of Technology 
 

Dates, Position  6/2011 – 12/2013, trainee, analyst 

Main activities and responsibilities  Roche 454 Sequencing platform data processing 

Name of employer  Roche s.r.o, Diagnostics Division (Czech branch) 
 

Dates, Position  1/2011 – so far, intermediary, adviser 

Main activities and responsibilities  networking opportunities in the field of bioinformatics, providing cooperation between 
institutions, organization of scientific seminars, next generation sequencing data processing 

Name of employer  self-employed (Karel Sedlář) 
 

Dates, Position  10/2010 – 6/2011, technical staff 

Main activities and responsibilities  biosensors for the detection of nucleic acids research, lab work, preparation of solutions, 
measurement of electrodes by cyclic voltammetry, data processing 

Name of employer  Department of Microelectronics, Brno University of Technology 
 



A Curriculum Vitae 

 

 

Scientific Awards 
 

2017  Supported by Foundation Zdenek et Michaela Bakala (Switzerland) during Biotech 2017 

2016  1st place in International Falling Walls Lab 2016 Prague 

2015  Awarded by Rector of Brno University of Technology for outstanding scientific results 

2014  1st place in Student EEICT 2014, category: Biomedical Engineering and Bioinformatics 

2014  1st place in ICCT 2014 competition for young scientists up to 35 years 

2013  Awarded by Dean of FEEC BUT for the best diploma thesis 

2013  1st place in Student EEICT 2013, category: Biomedical Engineering and Bioinformatics 

2012  2st place in Student EEICT 2012, category: Microelectronics, Technologies and Biomedicine 

2011  Awarded by Dean of FEEC BUT for the best bachelor thesis 

2011  1st place in Student workshop competition for effective cooperation of biomedical disciplines 

2011  2st place in Student EEICT 2011, category: Biomedicine and Image Processing 

 

International cooperation 
 

5/2014 – 8/2015 

spreading of antibiotic resistance in 
livestock animals 

 Technical University of Denmark, National Food Institute, Denmark 

Anses, Hygiene and Quality of Poultry and Pig Products Unit, France 

Istituto Zooprofilattico Sperimentale delle Venezie, Italy 

National Veterinary Institute (SVA), Uppsala, Sweden 

10/2013 – 12/2014 

microbiota composition in livestock 
animals 

 Faculty of Veterinary Medicine, University of Zagreb, Croatia 

Biotechnical Faculty, University of Ljubljana, Slovenia 

Institute for Veterinary Medical Research, Hungarian Academy of Sciences, Hungary 

 

Training courses 
 

10/2017  Excellence Science Days 2.0, Wroclaw, Poland 

4/2017  EMBL Course: Advanced RNA-Seq and ChiP-Seq Data Analysis 2017, Hinxton, UK 

7/2014  SBSS 2014: Systems Biology Summer School 2014, Nove Hrady, Czech Republic 

7/2013  SBSS 2013: Systems Biology Summer School 2013, Nove Hrady, Czech Republic 

2/2013  ICRC seminar of clinical research, Brno, Czech Republic 

10/2011  Roche Genome Sequencer Software – summer school 2011, Penzberg, Germany 

 

Academic/scientific activities 
 

Scientific impact  No. of records in WoS: 23, h-index: 6, sum of times cited: 101 

Researcher ID  K-1120-2014 

ORCID  0000-0002-8269-4020 

Scopus Author  56309904900 

Selected publications   Sedlar K, Kolek J, Skutkova H, Branska B, Provaznik I, Patakova P. Complete genome 
sequence of Clostridium pasteurianum NRRL B-598, a non- type strain producing butanol. 
Journal of Biotechnology. 2015. 214(1): 113-114. 

Patakova P, Kolek J, Sedlar K, Koscova P, Branska B, Kupkova K, Paulova L, Provaznik I. 
Comparative analysis of high butanol tolerance and production in clostridia. Biotechnology 
Advances. 2017, 35(8): 1-38. 

Sedlar K, Videnska P, Skutkova H, Rychlik I, Provaznik I. Bipartite Graphs for Visualization 
Analysis of Microbiome Data. Evolutionary Bioinformatics. 2016. 12(S1): 17-23. 

Sedlar K, Skutkova H, Vitek M, Provaznik I. Set of rules for genomic signal downsampling. 
Computers in Biology and Medicine. 2015. 64(p1): 1-7. (IF=1.521) 

Kolek J, Sedlar K, Provaznik I, Patakova P. Dam and Dcm methylations prevent gene transfer 
into Clostridium pasteurianum NRRL B-598: development of methods for electrotransformation, 
conjugation, and sonoporation. Biotechnology for Biofuels. 2016. 9(1): 1-14. (IF=6.444) 

Sedlar K, Kupkova K, Provaznik I. Bioinformatics strategies for taxonomy independent binning 
and visualization of sequences in shotgun metagenomics. Computational and Structural 
Biotechnology Journal. 2017. 15, 48–55. (IF 4.148) 



A Curriculum Vitae 

 

 

Projects   Advanced methods for fast identification and visualization of metagenomic data, BUT funding 
agency no. FEKT/FIT-J-16-3335 (2016) – principal investigator 

Relationship between butanol efflux and butanol tolerance of Clostridia, Grant Agency of the 
Czech Republic GA17-00551S (2017-2019) – key member 

High throughput bacterial genome assembly and annotation techniques using genomic signal 
processing, Grant Agency of the Czech Republic 17-01821S (2017-2019) – key member 

Development of interdisciplinary doctoral study programme Biomedical technologies and 
bioinformatics, OP VVV – Grant of EU CZ.02.2.69/0.0/0.0/16_018/0002582 (2017-2022) - 
member 

Nano-electro-bio-tools for biochemical and molecular biology studies of eukaryotic cells 
(NanoBioTECell), Grant Agency of the Czech Republic GAP102/11/1068 (2011-2015) – 
member 

Academic functions  11/2014 – 10/2017, senator in faculty academic senate, member of financial committee 

Supervisor  No. of diploma theses supervised: 4 

No. of bachelor theses supervised: 6 

Lecturer  Programming in bioinformatics – lectures and practical exercises (in R language) 

Systems biology – lectures and practical exercises 

Analysis of biological sequences – practical exercises 

Invited talks  Bioinformatics in science and research – CEPIN lectures, University of Defense 

Bioinformatics for biotechnology research: data mining of Clostridium pasteurianum genome – 
Biotech 2014, Czech biotechnology society 

Visualizations in metagenomics, Lectures in practical bioinformatics, Charles University 

 

Bioinformatics, IT 
 

Programming skills  general: mainly scripting languages, basics in object oriented paradigm 

good knowledge: R, R/Bioconductior, Matlab 

basic knowledge: Python, Bash, C++ 

Statistics  SPSS, WEKA, Statistica 

Operating systems  Windows, Linux (actively using both 50:50) 

Other skills  active user of grid computing (Metacentrum - Czech national grid infrastructure) 

user knowledge of portable batch computing 

maintenance of departmental cluster (12 nodes, 2× Quad Core Intel Xeon E5430 2.66 GHz, 32 
GB RAM, 2 x 1 TB HDD RAID0 each) 

NGS data processing: fastqc, multiqc 

assembly: Celera, Velvet, Trinity, etc. 

mapping: bowtie, star, segemehl 

RNA-Seq data processing, metagenomics 

 

Languages 
 

Native language  Czech 

Other language  English (C1, Cambridge English: Advanced) 

  French (B1) 

  German (A2) 

 
 
 
 

 
 

 

 Brno, August 2018 



B List of own publications mentioned in the thesis 

 

 

B.1 Articles in international journals 

GERZOVA, Lenka, VIDENSKA, Petra, FALDYNOVA, Marcela, SEDLAR, Karel, 

PROVAZNIK, Ivo, CIZEK, Alois and RYCHLIK, Ivan. Characterization of Microbiota 

Composition and Presence of Selected Antibiotic Resistance Genes in Carriage Water of 

Ornamental Fish. PLoS ONE. 2014, 9(8), e103865. (IF 2.766) 

KAEVSKA, Marija, LORENCOVA, Alena, VIDENSKA, Petra, SEDLAR, Karel, 

PROVAZNIK, Ivo and TRCKOVA, Martina. Effect of sodium humate and zinc oxide used in 

prophylaxis of post-weaning diarrhoea on faecal microbiota composition in weaned piglets. 

Veterinární Medicína. 2016, 61(6), 328-336. (IF 0.434) 

KAEVSKA, Marija, VIDENSKA, Petra, SEDLAR, Karel, BARTEJSOVA, Iva, KRALOVA, 

Alena and SLANA, Iva. Faecal bacterial composition in dairy cows shedding Mycobacterium 

avium subsp. paratuberculosis in faeces in comparison with nonshedding cows. Canadian Journal 

of Microbiology. 2016, 62(6), 538-541. (IF 1.243) 

KAEVSKA, Marija, VIDENSKA, Petra, SEDLAR, Karel and SLANA, Iva. Seasonal changes 

in microbial community composition in river water studied using 454-pyrosequencing. 

SpringerPlus. 2016. 5(1), 409. (IF 1.130) 

SEDLAR, Karel, KUPKOVA, Kristyna and PROVAZNIK, Ivo. Bioinformatics strategies for 

taxonomy independent binning and visualization of sequences in shotgun metagenomics. 

Computational and Structural Biotechnology Journal. 2017. 15, 48–55. (IF 4.148) 

VIDENSKA, Petra, SEDLAR, Karel, LUKAC, Maja, FALDYNOVA, Marcela, GERZOVA, 

Lenka, CEJKOVA, Darina, SISAK, Frantisek and RYCHLIK, Ivan. Succession and replacement 

of bacterial populations in the caecum of egg laying hens over their whole life. PLoS ONE. 2014. 

9(12), e115142. (IF 2.766) 

GERZOVA, Lenka, BABAK, Vladimir, SEDLAR, Karel, FALDYNOVA, Marcela, 

VIDENSKA, Petra, CEJKOVA, Darina, JENSEN, Annette N, DENIS, Martine, KEROUATON, 

Annaelle, RICCI, Antonia, CIBIN, Veronica, OSTERBERG, Julia and RYCHLIK, Ivan. 

Characterization of antibiotic resistance gene abundance and microbiota composition in feces of 

organic and conventional pigs from four EU countries. PLoS ONE. 2015. 10(7), e0132892. 

(IF 2.766) 

VIDENSKA, Petra, RAHMAN, Md. Masudur, FALDYNOVA, Marcela, BABAK, Vladimir, 

EILSHEIMER MATULOVA, Marta, PRUKNER-RADOVCIC, Estella, KRIZEK, Ivan, 

SMOLE-MOZINA, Sonja, KOVAC, Jasna, SZMOLKA, Ama, NAGY, Bela, SEDLAR, Karel, 

CEJKOVA, Darina and RYCHLIK, Ivan. Characterization of egg laying hen and broiler fecal 

microbiota in poultry farms in Croatia, Czech Republic, Hungary and Slovenia. PLoS ONE. 2014. 

9(10), e110076. (IF 2.766) 

SKUTKOVA, Helena, VITEK, Martin, SEDLAR, Karel and PROVAZNIK, Ivo. Progressive 

alignment of genomic signals by multiple dynamic time warping. Journal of Theoretical Biology. 

2015. 385, 20–30. (IF 1.833) 



B List of own publications mentioned in the thesis 

 

 

SEDLAR, Karel, SKUTKOVA, Helena, VITEK, Martin and PROVAZNIK, Ivo. Set of rules for 

genomic signal downsampling. Computers in Biology and Medicine. 2016. 69, 308–314. 

(IF 2.115) 

SEDLAR, Karel, VIDENSKA, Petra, SKUTKOVA, Helena, RYCHLIK, Ivan and 

PROVAZNIK, Ivo. Bipartite graphs for visualization analysis of microbiome data. Evolutionary 

Bioinformatics. 2016. 12, p. 17–23. (IF 1.877) 

 

B.2 Book chapters 

SEDLAR, Karel, SKUTKOVA, Helena, VITEK, Martin and PROVAZNIK, Ivo. Prokaryotic 

DNA signal downsampling for fast whole genome comparison. In: Advances in Intelligent 

Systems and Computing. Springer, Cham, 2014. p. 373–383. ISBN 978-3-319-06595-3. 

 

B.3 Conference proceedings 

SEDLAR, Karel, SKUTKOVA, Helena, VIDENSKA, Petra, RYCHLIK, Ivan and 

PROVAZNIK, Ivo. Bipartite graphs for metagenomic data analysis and visualization. In: 2015 

IEEE International Conference on Bioinformatics and Biomedicine (BIBM). IEEE, 2015. 1123–

1128. ISBN 978-1-4673-6799-8. 

MADERANKOVA, Denisa, SEDLAR, Karel, VITEK, Martin and SKUTKOVA, Helena. The 

identification of replication origin in bacterial genomes by cumulated phase signal. In: 2017 IEEE 

Conference on Computational Intelligence in Bioinformatics and Computational Biology 

(CIBCB). IEEE, 2017. 1–5. ISBN 978-1-4673-8988-4. 

SEDLAR, Karel. Signal Based Feature Selection for Fast Classification of Sequences in 

Metagenomics. In: Proceedings of the 22nd Conference STUDENT EEICT 2016. 2016. 558-562. 

ISBN: 978-80-214-5350–0. 

KUPKOVA, Kristyna, SEDLAR, Karel and PROVAZNIK, Ivo. Reference-free Identification 

of Phage DNA Using Signal Processing on Nanopore Data. In: 2017 IEEE 17th International 

Conference on Bioinformatics and Bioengineering. IEEE, 2017. 101–105. ISBN 978-1-5386-

1324-5. 

 

B.4 Abstracts and posters 

VIDENSKA, Petra, ZWINSOVA, Barbora, SMERKOVA, Kristyna, MICENKOVA, Lenka, 

SEDLAR, Karel and BUDINSKA, Eva. Comparison of sampling kits and DNA isolation kits 

from stool samples. poster 

KUPKOVA, Kristyna, PROVAZNIK, Ivo, SEDLAR, Karel, HON, Jiri, MARTINEK, Tomas 

and ZENDULKA, Jaroslav. Visualization of Nanopore Sequencing Data in Metagenomics. poster 

B-213: ISMB/ECCB 2017 BioVis session, Prague, 2017. 


